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PLATFORMS FOR CONDUCTING VIRTUAL
TRIALS

CROSS-REFERENC.

L1

This application 1s a continuation of International Appli-
cation No. PCT/US2019/014539, filed Jan. 22, 2019, which
claims the benefit of U.S. Provisional Patent Application No.

62/620,365, filed Jan. 22, 2018, each of which 1s entirely
incorporated by reference herein.

BACKGROUND OF THE INVENTION

An estimated 15 million Americans are currently living
with cancer. The cost of developing a single new cancer drug
is now around $1 billion. Traditional clinical trials account
for the bulk of cancer drug development costs, and can take

years to complete. Their focus on single agent therapies and
need for large sample sizes may render the current devel-
opmental model practically and financially unsustainable.

SUMMARY OF TH.

INVENTION

(L]

The present disclosure provides systems and methods that
implement a patient-centric approach to precision oncology
that enables rapid global learning from every patient treat-
ment, including an artificial intelligence (Al)-based plat-
form.

Clinical research in oncology faces significant challenges
related to the high monetary and time costs of clinical trials,
in which individual outcomes vary widely and too many
trials compete for too few patients. Currently, about 3,500
open 1immuno-oncology trials in the U.S. are competing to
jointly recruit about 600,000 patients. Most of these trials
will never fully accrue, since only about 50,000 patients may
enroll mm US cancer trials 1n a year. Further, there are
exponentially more plausible drug combinations to test than
the current trial paradigm can handle. Many thousands of
patients do not receive life-saving therapies because their
physicians do not know the optimal way to treat them with
currently available therapies.

Even after a drug, after the investment of many years and
resources, 1s approved and available for use, the drug 1s often
unavailable for use 1n multl-therapy regimens for treating
any cancer, which may be the most eflective, if not the only,
solution available for the patient, because no one has opti-
mized its use 1n such complex multi-therapy regimens or
other combination therapies. Moreover, no one has ventured
to experiment on such combinatory optimization, which
may amount to 1ts own clinical trial (on a particular com-
bination or sequence of treatments), for the same limitations
that a single clinical trial 1s far too slow and costly to test
cach of tens of thousands of plausible ways to use the
already available drugs 1n various therapies.

Recognizing this problem, incremental innovations have
been explored to improve clinical trial processes, such as
adaptive platiorm trials, siteless trials, seamless (phaseless)
trials, expanded access, and real world evidence. However,
these advances do not address the problem that there are not
enough patients to test all the new targeted- and 1 mmuno-
therapies. Using systems and methods of the present disclo-
sure, these and other innovations are combined in such a
way that the clinical trials paradigm shifts from approving
drugs to curing patients.

Recognized herein 1s a problem that there 1s no data on the
combinations or sequences of approved and available drugs.
Further recognized herein 1s a problem that there 1s no way
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2

to optimize the use of an available drug by conducting
clinical trials on different therapy regimens because there are
more rational treatment hypotheses than there are patients
that are available for testing of these hypotheses 1n trials.
The present disclosure recogmizes that fighting cancer 1is
fundamentally an artificial intelligence (Al) planning and
search problem that requires the coordination of multlple
agents—human and computer—to work together to efli-
ciently search the voluminous and high dimensional space of
cancer molecular subtypes and treatment combinations.
Thus, provided herein 1s a solution to at least the above-
mentioned problems by providing an Al or machine learn-
ing-based virtual trial platform that can facilitate optimiza-
tion of any drug that 1s available for use by performing and
coordinating virtual trials that generate outcomes as valuable
and as real as traditional clinical trials. Differentiating from
other Al-based platforms (for any application) that solve big
data problems (e.g., too much data), the present disclosure
provides Al-based platforms that solve no data problems
(e.g., not enough data). The solution may revolutionize
experimental science, and the order in which we plan,
search, and recognize a solution (e.g., successiul therapy)
for a problem (e.g., cancer).

The present disclosure provides platforms, systems,
media, and methods for capturing biomedical decision rea-
soning such as treatment rationales and leveraging this
information to 1improve treatment options.

Systems and methods of the present disclosure provide
the ability to perform Virtual Trals, which can take adaptive
platform trials to their logical extreme, continuously learn-
ing from all patients, on all treatments, all the time. Instead
of performing one clinical trial per drug to gain regulatory
approval, the patient-centric Virtual Trials seek to optimize
cach individual’s outcome using all available treatments.
Instead of setting up a separate trial inirastructure to test
cach treatment hypothesis on a pre-defined patient cohort,
the Virtual Trials can maximize the information gained over
all patients and use that information to dynamically define
the right cohort for each drug.

In some aspects, the Virtual Tnals begin with small
expanded access studies of promising therapies, comprising
a few patients each. Real world data can be captured and
analyzed for safety and eflicacy signals. The cohorts can
then be seamlessly expanded for treatments that work and
the cohorts can be shrunk or refined for treatments that aren’t
working, until enough Bayesian evidence 1s obtained to
either seek accelerated approval or abandon the drug.

The virtual trials enabled by systems and methods of the
present disclosure can overcome many of the challenges
facing traditional clinical trials. For example, the platform
provides a new ecosystem within which virtual trnials are
carried out that capture treatment and outcome data at the
pomnt ol care. Doctors can enter patient and treatment
information that 1s anonymized and then monitored to obtain
outcome data, which may be used to inform future treatment
decisions, thereby transforming the everyday practice of
oncology 1nto a global adaptive search for better treatments
and cures. Virtual trials connect patients with expert physi-
cians such as molecular tumor boards, and capture their
treatment recommendations and rationales 1 a knowledge
base, along with the patient’s clinical results. By engaging
patients and physicians at the point of care, Virtual Trials
have the potential to optimize and extend the use of available
therapies far more efliciently than traditional clinical trials.
As a result, patients are matched to the treatments most
likely to benefit them, rather than to trials that happen to be
locally available. The platform can also provide an ecosys-
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tem 1nto which anyone can submit software for performing,
tasks such as decision support or trial finding. Beneficially,
the platform may coordinate, and interpret, every instance of
treatment, individual or collectively, as part of a virtual trial
or parts of multiple virtual trials. In such an ecosystem, an
individual and independent treatment or study may be found
to be relevant to a trial after-the-fact unlike 1n traditional
clinical trials where the treatments and studies are rigorously
pre-planned based on a presumption that they will be
relevant to the trial. In some cases, a virtual trial may be
created by interpreting multiple individual treatments or
studies that were previously unrelated.

Systems and methods of the present disclosure provide an
Al-based platform to run such “Virtual Tnals.” Each
patient’s treatment regimen 1s adaptively planned by a
“Virtual Tumor Board” (V1B) to optimize their individual
outcome. The VTBs share treatment recommendations and
rationales with each other and with leading academic cancer
centers. Individual treatment plans are coordinated prospec-
tively across all patients in the network to maximize col-
lective learning.

The Al-based platform uses a combination of expert
collective intelligence, Al, and machine learning to dynami-
cally generate and test novel personalized treatment hypoth-
eses. The experts on a VIB collectively review each case
and develop an equipoise set of options that have the
strongest rationale for success. The system uses Al and ML
to retrieve recommendations made for similar patients 1n the
past, and to rank their relevance for the current case.
However, the final treatment decision still remains with the
patient and their physician. In the absence of physician and
patient preferences, the platform can suggest treatment
options from the equipoise set that maximize information
gain. Treatment decisions and rationales are captured for all
patients, along with regulatory-grade real-world outcomes
data.

The software disclosed herein enables disseminating the
patient and treatment information to other patients and
proiessionals at the point of care such as through a software
application (e.g., a virtual trial application). Users can
register a new case (such as through a clinical case capture
tool), and the application optionally displays treatments,
trials, and/or treatment combinations that have been tried by
(or hypothesized for) similar patients. The results may be
sorted by most eflective, most cost eflective, best risk/
benellt ratio, cost, least side effects, other parameter(s), or a
combination thereof. The decision to try a specific therapy,
alone or 1 combination, i1s typically up to the treating
physician, who can consult with peers through a network
linked to the knowledge base. Outcomes can be obtained by
querying patients and/or physicians. In some cases, the
application suggests steps to try (e.g., treatment, monitoring,
turther testing), based on recommendations elicited from
experts and molecular tumor boards for similar cases on the
knowledge base. Accordingly, the application can facilitate
the rapid testing and refinement of these hypotheses by
coordinating treatment decisions across cases to rapidly
replicate successiul strategies and discard failures. In equi-
poise situations, treatment recommendations can be random-
1zed to maximize learning.

Systems and methods of the present disclosure include
one or more algorithmic decision engines that can analyze
the trove of information 1n the knowledge base and leverage
the expert-derived insight to predict treatment options cus-
tomized to the umque attributes of a given case. For
example, the oncology drug development pipeline for a
cancer such as glioblastoma contains promising targeted-
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and immuno-therapies, many of which have already been
approved for treatment of more common cancers. These
drugs are, in principle, available today off-label, 1n trials, and
through compassionate use programs. However, no one
knows the optimal way to use these “available” therapies,
because they are seldom tested head to head or in combi-
nations. Any ofl-label use 1s untracked, which often leads to
patients repeatedly using ineffective combinations because
their decision making 1s unable to leverage any ofl-label use
data. Furthermore, where the off-label use 1s untracked but
cilicient, the details of such eflective use remain unreported
and thus cannot be leveraged by other subjects 1n need.

Systems and methods of the present disclosure include the
ability to test multi-drug regimens which are problematic 1n
clinical trials because of the wvast combinatorics. For
example, there are at least 4 distinct molecular subtypes of
glioblastoma, and several dozen plausible therapies for
treating each of them. Which interventions are optimal for
treating a given individual over the course of their disease
(and the sequence, schedule and dosing) present countless
combinations. Current clinical trial designs, including con-
temporary “adaptive” Bayesian designs, cannot efliciently
search this huge combinatorial space, especially given that
tewer than 5% of the 20,000 GBM patients diagnosed each
year participate 1n trials. The present disclosure provides a
faster way to improve outcomes by aggregating the insights,
experiences and intuitions of the best clinicians, and con-
tinuously validating and refining them based on real-world
outcomes data. Every day, patients who have exhausted the
standard of care are treated with off-label drugs and rational
cocktails. Unfortunately, these individualized (“N-of-1")
experiments are uncoordinated, and their results seldom
reported, so little 1s learned. The platform of the present
disclosure allows these results to be captured and shared
with the rest of the scientific and medical community. The
information 1s further analyzed to generate predictions such
as treatment options (optionally ranked according to pre-
dicted eflicacy) and/or treatment hypotheses.

BRIEF DESCRIPTION OF THE DRAWINGS

The patent or application file contains at least one drawing
executed 1n color. Copies of this patent or patent application
publication with color drawing(s) will be provided by the
Oflice upon request and payment of the necessary fee.

The accompanying drawings are included to provide a
further understanding of the present disclosure, and are
incorporated in and constitute a part of thus specification.
The drawings illustrate embodiments of the present disclo-
sure and, together with the description, serve to explain the
principles of the present disclosure. The diagrams are for
illustration only, which thus 1s not a limitation of the present
disclosure, and wherein:

FIG. 1 shows an example process for utilizing a decision
engine and molecular tumor boards to capture and analyze
clinical case information;

FIG. 2 shows an example neural network that may be used
to carry out machine learning algorithms described herein;

FIG. 3 shows an illustrative example of a transcript for a
MTB review of a clinical case;

FIG. 4 shows an example process by which treatment
rationales are captured, vetted, published, and incorporated
into a decision engine for supporting treatment decisions;

FIG. 5 shows an illustrative example of a peer review
interface for vetting of a treatment rationale;

FIGS. 6A-6B show an illustrative example of a nano-
journal comprising a plurality of nano-publications;
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FIGS. 7A-7B show an 1illustrative example of a treatment
explorer interface allowing a user to obtain ranked treat-

ments based on patient/treatment information;

FIG. 8 shows an illustrative example of a technology
platform described herein;

FIG. 9 shows an 1llustrative example of high level steps
carried out through a platform for conducting virtual trials;

FIGS. 10A-10B show an embodiment of a virtual trials
interface allowing parameter selection to identity clinical
case cohorts 1n the knowledge base;

FIG. 11 shows an embodiment of a virtual trials interface
presenting a treatment chart allowing comparison of treat-
ments amongst clinical cases 1n the knowledge base;

FIG. 12 shows an embodiment of a virtual trials interface
presenting expert isights on matching trials;

FIG. 13 shows an embodiment of a virtual trials interface
presenting the treatment history for a particular clinical case;

FIGS. 14A-14B show an embodiment of a cancer map
displaying the treatment history and outcomes of a cohort of
climical cases for patients diagnosed with glioblastoma;

FIG. 15 shows a flow diagram illustrating a knowledge
pipeline by which expert msight 1s captured, analyzed, and
distributed according to the plattorms and methods
described herein;

FIG. 16 shows a virtual trial simulator that generates
simulated patient histories for development and/or training
of a virtual trials application;

FIG. 17 shows illustrative flow chart of a method for
carrying out patient treatments;

FIG. 18 schematically illustrates a computer control sys-
tem that 1s programmed or otherwise configured to 1mple-
ment methods provided herein;

FIG. 19 shows an example of a flowchart for such a
longitudinal, observational study;

FIG. 20 shows a flowchart illustrating an embodiment of
the Virtual Tumor Board (VTB) procedure;

FIG. 21 shows a flow diagram 1llustrating a patient intake
and registration procedure;

FIG. 22 shows a flowchart illustrating a patient access
support procedure; and

FIG. 23 shows a flowchart 1llustrating a signal detection
procedure.

DETAILED DESCRIPTION

The present disclosure recognizes that beating cancer 1s
fundamentally an Al problem, requiring the coordination of
multiple human and computer agents, working together to
ciiciently search the high dimensional space of cancer
molecular subtypes crossed with treatment combinations.
Various aspects of the present disclosure provide an ecosys-
tem that enables the optimization of the use of currently
available drugs, ofl-label and 1n cocktails. The platiorms,
systems, media, and methods described herein can reduce or
climinate the knowledge disparities between academic cen-
ters that see the most advanced cases, and community
practices where most patients are seen; and by planning and
coordinating the thousands of formal and informal treatment
experiments that take place daily 1in oncology to optimize
individual outcomes and maximize collective learming.

The optimal way to use available drugs 1s often unknown
because the best treatments mvolve intelligent and contex-
tualized combinations unique to the medical history and
molecular profile of the patient, and there are far more
plausible regimens than can be tested in clinical tnals.
Patients who have exhausted the standard of care are rou-
tinely treated with off-label drugs and rational cocktails.
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Unfortunately, these individualized (“N-o01-17") experiments
are uncoordinated, and their results seldom reported.
Accordingly, the platforms, systems, media, and methods
disclosed herein can facilitate the adaptive planning of each
patient’s treatment regimen to optimize individual out-
comes, while also coordinating these plans across the patient
population to maximize collective learning.

Disclosed herein are platforms, systems, applications, and
methods for carrying out virtual clinical trials. The present
disclosure provides the ability to obtain patient case sum-
maries and generate and/or validate treatment rationales
associated with said summaries. Individual patients or their
doctors are able to 1input case information through a clinical
case capture tool presenting selectable clinical case tem-
plates. The clinical case template may have adaptive param-
cters that dynamically change according to previously
entered parameters to capture the umique set of information
for a particular case. The completed case summary can
include a treatment rationale provided by the user or trained
clinicians such as those on a molecular tumor board. Alter-
natively, a treatment rationale can be generated as an output
of an analysis of patient data. A clinician survey application
enables clinicians to generate, review, and/or validate treat-
ment rationales. The clinical survey application may receive
the treatment rationale or validation thereof 1n the form of a
Controlled Natural Language such as Biomedical Controlled
English. This format allows the case mformation to be
parsed and formatted for analysis by algorithms that utilize
the validated case summaries and/or treatment rationales to
generate various outputs such as suggested treatment pro-
tocols. A clinical decision engine applies one or more
algorithms to identify a similar patient cohort and generate
at least one treatment protocol. Each case and associated
validated treatment rationale 1s typically momtored until an
outcome of the treatment 1s determined. This information 1s
then fed back into the knowledge base of system to conclude
the virtual clinical trial. Thus, each patient case constitutes
an “N-o1-1" virtual trial, which can be captured and con-
solidated to provide robust results. Accordingly, the updated
knowledge base can be used to further train and update the
one or more algorithms. In some cases, the clinical decision
engine coordinates multiple virtual trials.

Information for a subject with cancer typically can
include an array of data. Examples of patient information
include sex or gender, age, tumor or cancer type, cancer
stage or progression, and one or more biomarkers. Such
information can be entered by a user at a point of care such
as a physician or patient. Additional information such as past
treatments and/or responses to said treatments may be
included. The patient information can make up a case
summary for each patient. Such case summaries optionally
include one or more treatment options and/or treatment
rationales.

As used herein, a treatment option can refer to a specific
treatment (e.g., active agent and/or dosing regimen) or mode
of treatment (e.g., chemotherapy, surgery). Examples of
treatment options include radiation, chemotherapy (e.g.,
adjuvant or neo-adjuvant, using specific chemotherapeutic
agents, etc.), surgery, targeted therapies (e.g., monoclonal
antibody treatment), hormone therapy, stem cell transplant,
and 1mmunotherapy (e.g., using immune modulators to
enhance an immune response). Examples of chemothera-
peutic agents include alkylating agents, plant alkaloids,
anti-metabolites, anti-microtubule agents, topoisomerase
inhibitors, retinoids, ribonucleotide reductase inhibitors,
adrenocortical steroid inhibitors, cytotoxic antibiotics, or
other agents. Examples of targeted therapeutic agents
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include small molecule inhibitors such as imatimb, gefitinib,
erlotinib, sorafenib, sunitinib, dasatinib, lapatinib, nilotinib,
bortezomib, crizotinib, obatoclax, navitoclax, imiparib, peri-
fosine, apatinib, vemurafenib, dabrafenib, trametimib, and
VAL-083. Examples of targeted therapeutic agents also
include monoclonal antibodies such as rituximab,
trastuzumab, alemtuzumab, cetuximab, bevacizumab, pani-
tumumab, and 1pilimumab.

As used herein, a treatment rationale refers to an expla-
nation or rationale for why a particular treatment option or
class of treatment 1s recommended or excluded (e.g., indi-
cated or contraindicated). Treatment rationales generally act
as explanations for treatment recommendations and repre-
sent the core content of clinical reasoning by providing the
inferential connection between observations and treatment
decisions. A treatment option and/or one or more associated
treatment rationales can be entered by the user (e.g., patient
or patient’s physician) oftentimes alongside case summary
information, generated using one or more predictive algo-
rithms, or are provided by an expert clinician, researcher, or
molecular tumor board when reviewing the case.

As used herein, cancer refers to diseases generally char-
acterized by abnormal growth of cells that tend to proliferate
uncontrollably. Examples of cancer can include breast can-
cer such as a ductal carcinoma, medullary carcinomas,
colloid carcinomas, tubular carcinomas, and inflammatory
breast cancer, ovarian cancer, uterine cancer, cervical cancer,
prostate cancer, pancreatic cancer, bladder cancer, acute
myeloid leukemia (AML), acute lymphocytic leukemia,
chronic lymphocytic leukemia, chronic myeloid leukemia,
hairy cell leukemia, myelodysplasia, myeloproliferative dis-
orders, acute myelogenous leukemia (AML), chronic myel-
ogenous leukemia (CML), chronic lymphocytic leukemia
(CLL), multiple myeloma (MM), myelodysplastic syndrome
(MDS), bone cancer, lung cancer, including non-small cell
lung cancer (INSCLC), adenocarcinomas, basal cell carci-
noma, melanoma, squamous cell carcinoma, liver cancer,
kidney cancer, lymphoma, Kaposi’s Sarcoma, cervical can-
cer, astrocytoma, glioblastoma, schwannomas, medulloblas-
tomas, neurofibromas, mesotheliomas, oropharyngeal can-
cer, colorectal cancer, testicular cancer, thymomas, thymic
carcinomas, Hodgkin disease, and non-Hodgkin lympho-
mas.

Molecular Tumor Boards

The treatment rationales of the present disclosure may be
generated by experts in the process of reasoning about actual
patients, thus capturing case-contextualized reasoning.
Much of what experts know and use 1n regular decision-
making 1s not published (e.g., 1t comes from their personal
case experience) and may not even be practically or ethically
testable 1n clinical trials. Accordingly, the methods disclosed
herein enable such expert knowledge to be captured as an
ellicient way to focus the biomedical search.

Focusing on case-contextual reasoning provides multiple
advantages. First, the case context provides the provenance
for the treatment rationales (TRs), analogous to a literature
citation. Second, the case context and optionally any sur-
rounding discussion are often important in understanding the
meaning and limitations of TRs and for assessing their
validity and generality. Many scholars believe that knowl-
edge deployed 1mm an active reasoning context (e.g.,
“dynamic” knowledge) differs in important ways from
knowledge found in papers and books (e.g., “static” knowl-
edge) (e.g., Knorr-Cetina, 1981, Jaeger and Rosnow, 1988).
Although 1t 1s not entirely understood why this difference
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exists, because of it, the context in which reasoning takes
place 1s often critical to correctly interpreting and using what
was said.

Only a miniscule fraction of cases that may represent
usetul treatment rationales are likely to end up in published
case reports. Although treatment rationales regularly arise 1n
live clinical problem solving, and are regularly voiced 1n
discussion among physicians, such rationales rarely end up
in medical records, and are almost never shared in detail
with patients. This 1s particularly true for rejected treatment
hypotheses and the reasons for their rejection, even though
these may be critical for understanding the pros and cons,
and eventually the success or failure, of various treatment
options (e.g., Youngs, et al. 2014).

The reasoning underlying clinical problem-solving about
difficult cases 1s commonly discussed 1n the expert problem-
solving settings that are often referred to herein as “molecu-
lar tumor boards” (MTBs), which are now commonly
mounted at major cancer centers. In creating treatment
recommendations, MTBs integrate a wide range of knowl-
edge, including information that forms the content of TRs,
such as: details of tumor omics, histopathology, clinical
history, patient preferences, economics, ethics, and other
factors. MTBs often consult experts in bioinformatics,
genomics, molecular biology, and other domains. As a
result, the content of M'TB discussions often contains unique
knowledge that may significantly inform cancer research
and clinical care. Moreover, knowledge dynamically
deployed in the live problem-solving contexts, such as 1n
MTBs, 1s often not the same as the static explicit knowledge
available directly from papers. Unfortunately, the knowl-
edge deployed during MTB reasoning 1s rarely captured and
communicated 1n either case reports or case series. More
often than not, these cases end up 1n an EMR, where they
may eventually serve as evidence 1n an aggregated analysis.
But EMR records rarely include the richness of clinical
reasoning typical of the MTB discussion, or of published
case reports, and in particular are unlikely to include the
reasons that some treatments were considered but reasoned
to be contraindicated, and so rejected.

The present disclosure leverages the clinical reasoning
captured from live MTB discussions as a valuable new
source of data. Among other functions, the capture of TRs
from MTBs may help to focus the hypotheses tested 1n
clinical tnals, reducing the number of trials required to
clliciently search the treatment space. MTB reasoning may
also help to guide the development of tools to assist 1n
clinical decision-making. In some cases, MTB reasoning
serves as expert reasoning model(s) for clinical education.
Moreover, MTBs see only the most difficult cases—usually
cases where the patient has exhausted the standard of care,
and often cases for which there 1s no appropriate clinical
trial. In some 1nstances, the platforms, systems, media, and
methods disclosed herein comprise components configured
for capturing, vetting, and sharing MTB reasoming in the
form of de-1dentified case summaries and case-contextual-
1zed TRs, sourced from molecular tumor boards. Such
information may be analyzed to generate models and train
classifiers for predicting treatment options and/or outcomes
for new clinical cases.

The present disclosure provides machine learning algo-
rithms to process the TRs generated by various entities, such
as the abovementioned MTBs. Contextual information (e.g.,
factors considered i MTB discussions, patient history,
treatment history, physician’s prior personal experience,
cthical considerations, etc.) for the TR may be mputted, for
example, as metadata. In some cases, such machine learning




US 11,887,738 B2

9

algorithms may determine which contextual information, 1f
any, was relevant to generating a new TR or relying upon a
presented TR. The machine learning may be directly or
indirectly trained by the same entities forming such ratio-
nales, such as the experts in the molecular tumor boards, or
different entities, such as those physicians acting upon a
recommended TR, by tracking an outcome of the patient and
maintaining closed-loop feedback. In some 1nstances, even
a selection of a particular recommended TR, or duration of
time taken to select the particular recommended TR, from a
plurality of recommended TRs may be used as feedback to
train the machine learning algorithms. The machine learming,
algorithms may be based on a Bayesian model, as described
clsewhere herein. Alternatively or in addition, the machine
learning algorithms may employ any combination of clas-
sification modeling, clustering techniques, predictive mod-
cling, neural networks, validation learning, reimnforcement
learning, statistical dimensional reduction, and/or other
techniques. Alternatively or in addition, the machine learn-
ing algorithms may be unsupervised, such as to generate 1ts
own treatment rationale(s) based on processing and analyz-
ing big data (e.g., both raw and processed) collected from
patients or from various publications.

Treatment Rationales

A treatment rationale (TR) typically represents an expla-
nation of the actual (or supposed) reason that particular
treatments or classes of treatments were recommended or
excluded (e.g., indicated or contraindicated). Treatment
rationales can act as explanations for treatment recommen-
dations and represent the core content of clinical reasoning,
providing the inferential connection between observations
and decisions. In some cases, the TRs described herein are
the products of clinical assessment by domain experts (e.g.,
clinicians or scientists or groups of them such as molecular
tumor boards), and can codily the justification for a selection
of one or more treatment options applicable to the patient
being treated, based upon some presumably relevant char-
acterization of the state of the patient’s disease.

In addition to molecular characteristics of a tumor, TRs
often include other factors such as economics (e.g., the costs

Case
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trolled English (BCE), which may be efliciently processed or
converted 1nto a format amenable to computerized manipu-
lation and analysis.

The present disclosure provides one or more parsers for
processing BCE treatment rationales into a computerized
format suitable for analysis according to the methods
described herein. In some cases, the range of BCE handled
by the prototype implementation 1s narrow and focused
almost uniquely on what 1s needed for use by the treatment
explorer or the decision engine. A parser may be 1mple-
mented using a simple open source language parser such as
those described in Principles of Al Programming, called
“stmple2” and downloadable at http://norvig.com/paip/
syntax2.lisp. The core of the simple2 parser 1s one Lisp
function, called extend-parse. The grammar for the BCE
treatment rationales comprises a plurality of rules and typi-
cally derives the vocabulary from the National Cancer
Institute (NCI) Thesaurus—allowing a wide range of BCE
TRs to be understood using just a small rule set. In some
cases, the grammar comprises at least about 5, 10, 15, 20, 25,
30, 35, 40, 45, 30, 60, 70, 80, 90, or 100 rules, including
increments therein, and/or no more than about 3, 10, 15, 20,
25, 30, 35, 40, 45, 50, 60, 70, 80, 90, or 100 rules, including
increments therein. The grammar rules are automatically
generated using machine learning methods, manually gen-
crated (e.g., when there are isuilicient examples to
adequately train a machine learning algorithm), or using
both types of methods (e.g., using example data to train
some rules, and manually generating rules that have insui-
ficient data to train a robust rule).

Examples of treatment rationales include the following:
EIF2AK3-alk fusion in NSCLC confers sensitivity to ceri-
tinib, as demonstrated in a randomized controlled trial with
200 patients with stage 4 lung cancer (Won, Mambetsariev,
and Salgia, BMC Cancer. 2016 Aug. 2; 16:568); this
S0-year-old male’s stage 4 NSCLC tumor was apparently
sensitized to ceritinib by an EIF2AK3-alk fusion.

Example processed data components of hypothetical
treatment rationales are listed 1n Table 1.

TABL.

(L]

1

State

Relationship Drug 1 Drug 2 Model

Sensitivity to  trastuzumab Human
(high)

Human
1n vitro

No trastuzumab

relationship
with
No
relationship
with

Sensitive to

(low)

Human
1n vitro

trastuzumab
(low)
vantictumab Human
(low)

nab- Human
paclitaxel

Sensitive to  atezolizumab

(low)

The example processed data components shown in Table

ethical factors, and even physician personal experience and Y 1 are non-limiting examples. Such data components can

taste. These factors are ditlicult to capture when only look-
ing at measured outcomes, and are diflicult to organize
clinical trials around. However, the wvirtual clinical trial
format provided by the present disclosure enables such
factors to be analyzed and incorporated into the medical
decision making process. Treatment rationales can be

entered as controlled natural language or biomedical con-
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include additional information such as further notes or
comments on the treatment rationale for the indicated treat-
ments. For example, case number 5 details a patient with
breast cancer having a triple negative molecular profile
(HER2/ER/PR negative). The entry indicates sensitivity to a
combination therapy using the monoclonal antibody atezoli-

zumab and the chemotherapeutic agent paclitaxel. Further
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details on the treatment rationale may include an explanation
that the atezolizumab antibody targets the PD-LL1 marker
expressed by some tumor cells that deactivates T-cells. The
antibody thus prevents the tumor cells from evading T-cells
by neutralizing PD-L1. The reason for also using paclitaxel
1s that the chemotherapeutic agent kills tumor cells, which
results in the release of tumor antigens that provoke an
immune response. Thus, the combination of preventing
immune escape (atezolizumab) and enhancing the immune
response (pactlitaxel) may produce a synergistic eflect stron-
ger than the additive effect of either therapeutic agent alone.
Just knowing the molecular profile of a tumor may not
provide the whole picture of why such a combination
treatment may be eflective. For example, 1t may not be clear
whether such an eflect 1s unique to breast cancer. However,
the provided comments may support a treatment hypothesis
that a non-breast tumor that 1s PD-L1 positive may benefit
from this therapy. Thus, this information may be taken 1nto
account when 1dent1fymg cohorts or case series such as by
ignoring or diminishing the importance of cancer source
when grouping case number 5 with similar cases (e.g., for
conducting virtual trials on cohorts of similar cases).

Controlled Natural Language

Current machine learning and big data methods for deriv-
ing biological insight may be unable to eflectively leverage
the expertise and experience of skilled clinicians such as
those on molecular tumor boards. Other proposed methods
have sought to analyze treatments that arise from the
patient’s molecular data, attempted treatment(s), and
observed outcome. The present disclosure provides treat-
ment rationales generated by experts such as molecular
tumor boards 1n the context of case-contextualized reasoning,
relating to real clinical cases. Such treatment rationales,
however, can be diflicult to 1interpret using existing algorith-
mic methods and can introduce additional complexity into
any platform attempting to analyze and utilize this informa-
tion. Accordingly, the present disclosure provides methods
providing treatment rationales 1n a controlled natural lan-
guage format such as biomedical controlled English (BCE).

In order to efliciently capture the unambiguous meaning,
ol the case-contextualized treatment rationales generated by
molecular tumor boards, the platform described herein
focuses on “Biomedical Controlled English™ (BCE), a bio-
medically-specific form of Controlled Natural Language
(CNL; Kuhn, 2014). CNL 1s a domain-specific subset of
natural English that 1s obtained by restricting the grammar
and vocabulary in order to reduce or eliminate ambiguity
and complexity. CNLs are commonly utilized by industry
and the military to write manuals and other texts that can be
automatically translated into many diflerent languages. One
of the important advantages of CNL 1s that 1t 1s both easily
readable by humans due to bemng a version of a natural
language, and also enables correct compilation such as
automatic translation to a formal representation for compu-
tational analysis. Moreover CNL can capture everything that
can be said in a natural language. In soiftware engineering
terms, CNL 1s referred to as a “non-lossy” formal lan-
guage—that 1s, one does not have to drop some things on the
floor 1n translation that one may almost certainly have to
drop 1n the compilation step. As a result of these properties,
physicians can vet TRs expressed in CNL, and the data can
be automatically coded into semantics for computerized
search, and other functions.

The utilization of case-contextualized treatment rationales
in combination with capturing these treatment rationales 1n
a CNL such as biomedical controlled English that 1s ame-
nable to eflicient encoding for computerized analysis pro-
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vides a technical solution for leveraging such expert-de-
rived, case-contextualized treatment rationales to provide
patients and doctors with data-driven, case-based decision
support. Without the use of a CNL, such treatment rationales
may be too complex to be eflectively and accurately parsed
and analyzed algorithmically, and the data set too expansive
for manual processing and analysis.

Treatment Outcomes

The present disclosure 1s not bound by the assumption
that clinical cases require final outcomes 1n order to develop
clear treatment choice statistics with the best examples being
high-powered, randomized, controlled trials. Such a require-
ment leads to the loss of an abundance of data that includes
both direct and indirect outcomes. Direct outcomes can
come from long term survival data (whether 1n an 1ndividual
case, or 1n a trial context), but 1s often more accessible 1n
short term proxy treatment responses, such as slowing of
disease progress measured by, for example, reduction 1n
tumor load. Even though these are not complete replace-
ments for overall survival, such data can be carefully inter-
preted with an understanding of their limitations to obtain
biological insight. Another available source of direct out-
comes 1s the patient history. A patient showing up for
second, third, or fourth line treatment has, by definition
falled (and perhaps temporarily succeeded) on previous
treatments. These are valuable outcomes data that may be
used by the methods disclosed herein.

Moreover, there are indirect outcomes data present in
treatment choices arrived at by experts such as in treatment
rationales. Domain experts’ choices, and their explanations
for these choices, contain indirect outcome data because
experts, by definition, have “good reasons” for making
choices, and these “good reasons™ bring together retrospec-
tive outcomes information (whether published, personally
experienced, or even mere hearsay). The methods disclosed
herein allow such indirect outcome data to be leveraged in
vartous ways (e.g., by the decision engine) such as by
helping generate treatment hypotheses, deciding on treat-
ment options, and coordinating ongoing clinical cases (e.g.,
virtual trials).

Coordination Platform

Despite its collective wealth of expertise and experience,
the biomedical community currently lacks an eflfective
method for communicating and coordinating the efforts of
its members. Direct collaboration between members 1n such
a large community 1s 1methcient. However, many complex
systems organize themselves efliciently by coordination
rather than collaboration—what amounts to indirect collabo-
ration. In commercial aviation, for example, pilots are
strongly discouraged from talking to other pilots to avoid
cluttering the airwaves with chatter. Instead pilots talk
almost exclusively to controllers. The controllers have a
larger view of what 1s going on in the system, and can
coordinate traflic by guiding the pilots with recommended
actions. It 1s, of course, the pilots who have their hands on
the actual controls, and make the final decisions. But col-
laboration between pilots only takes place indirectly as a
result of the pilot-controller interaction. Similarly, disclosed
herein are platforms that coordinate indirect collaboration
within the biomedical community so as to avoid multi-way
communication chaos. Many medical treatments are natu-
rally occurring, uncoordinated, and off-trial attempts by
doctors to treat patients who have not responded to standard
treatments. The present disclosure provides methods for
capturing and coordinating such clinical cases. This
approach 1s predicated on the assumption that more data 1s

better than less data even it the collected data 1s not from
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prospective, randomized, or controlled trials. This assump-
tion asserts that a large number of prospective adaptively
coordinated 1ndividual cases studies can be as statistically
strong, or perhaps even stronger and more eflicient, than
large scale, randomized, controlled clinical trials. Accord-
ingly, one may not need to run trials at all, but rather just
clliciently coordinate and collect the results of these experi-
ments carried out across the clinical oncology community. In
addition, the present disclosure provides for both individual
cases as well as large scale trials and retrospective and/or
prospective studies.

In some embodiments, the platform comprises a decision
engine that prospectively and adaptively coordinates treat-
ment decisions across all patient encounters. In some cases,
the platform runs as a cloud-based platform accessible by
various users/parties such as patients or their physicians,
clinicians, bioinformaticians, research scientists, or molecu-
lar tumor boards. Prospective adaptive coordination (a)
avoids unnecessary replication of either positive or negative
experiments, (b) maximizes the amount of information
obtained from every encounter, and (c¢) permits efliciently
testing causal hypotheses. In some cases, prospective adap-
tive coordination 1s achieved by re-sorting treatment options
based on relevant information such as test results to retlect
the prospective information value of each test. The value of
cach test may be determined by applying one or more
algorithms to current clinical case data 1n the knowledge
base to calculate a value such as a score for a given test. For
example, a given test may 1dentily the presence of biomark-
ers that may point towards effective treatment options avail-
able for cancers with this molecular profile, and thus may be
assigned a high and/or positive score relative to less infor-
mative tests.

Knowledge Base

The present disclosure provides for a knowledge base that
can be rapidly updated with vetted TRs being fed from
MTBs via case-contextualized BCE TR capture, and option-
ally feeding into the MTB wvia decision support tools (e.g.,
assembling cases into cohorts for virtual trials, generating
ranked treatment options). In some cases, new nformation
such as vetted TRs are “published” using a method of
“nano-publication” that can offer linked data, API access,

versioning, automatic re-distribution, provenance, and/or

other desirable properties (Veltrop, 2010, Kuhn et al., 2016).

The TRs can be published to the knowledge base such as
in a nano-journal. Such nano-publications are generally
formatted 1n a CNL such as BCE and optionally include any
number of additional annotations and translations. The BCE
form of TRs provides a format that has been vetted and is
“non-lossy”, whereas any current version of natural lan-
guage processing (NLP) compilation that tries to create a
formal representation from the BCE can likely lose infor-
mation. Therefore, one may start from the original, vetted,
non-lossy BCE.

A variety of different targeted translation (compilation)
processes may be used to compile the BCE TRs into a
computable representation. For example, an analysis that
tags concepts with ontological identifiers may facilitate deep
similarity search, allowing users to explore a collection of
ACRs by combining search terms with ontology-based
filters, while a different analysis may look for drug-bio-
marker correlations 1n the TRs. The BCE 1s analogous to the
programming language level of representation. This level
that defines the program, and then various different analyses
compile to different targets for different purposes, for

example, running on different hardware. But one can always
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refer back to the BCE as validated by the vetting process as
the agreed definition of what was expressed.

The knowledge base generally maintains TRs with prov-
enance linkages to their sources such as journal publications
or case-based TRs from tumor boards. In the case of
case-based TRs, the TR may include clickable or selectable
options for accessing the tumor board transcript (e.g., 1n
BCE) or the relevant publication. When citations are entered
into the knowledge base with TRs, the entry may contain a
mechanism to search for the mentioned publication via a
search engine such as Google Scholar.

Big Data

The methods described in the present disclosure are
eenlpatible with “big data” such as whole-genome sequenc-
ing, RNA-Seq, proteomic, transcriptomic, metabolomic, or
other-omic data. The methods of the present disclosure
address 1nethiciencies 1n the big data approach to medicine
which arises due to the high dimensionality of the problem
(e.g., large feature space and small sample size), and the cost
of data gathering (e.g., 1n terms of time, economics, and/or
cthical terms such as pain and suflering). As a result, the
number of independent observations (sometimes referred to
as the “n” of a study) 1s generally much smaller than the
dimensionality of the data—that 1s, there 1s lots of data about
very few patients. Accordingly, typical “big data” 1s “tall,
thin, and cheap,” having many rows (large n, e.g., large
number of independent observations) for relatively few
columns (dimensions), whereas biomedical “big data™ 1is
generally “short, fat, and expensive,” having lots of columns
(dimensions) for few rows (small n). Hypothesis formation
in a “short, fat, expensive” data setting requires a different
approach than for the “tall, thin, cheap” variety, but typical
“b1g data” approaches are designed for the latter, not the
former. There are many ways that data can be “folded” to
reduce its dimensionality. For example, reducing 3 trillion
bases of DN A sequence information into symbols represent-
ing around 20,000 genes, reducing these even further to only
note aberrations, using pathway models to relate columns to
one another, and even empirically finding correlations
between columns. The expert-sourced case-contextualized
TR approach described herein gathers a novel category of
knowledge that can feed into the folding of the data dimen-
sionality (columns, e.g., dimensions of the characteristic
space), and also contributes to increasing the sample size by
incorporating clinical cases that are normally never cap-
tured. For example, captured treatment rationales can lever-
age domain expert insights to focus on the most relevant
dimensions of the problem.

Algorithms and Machine Learning Methods

Various algorithms can be used to generate models that
predict one or more treatment options for a clinical case
and/or a cohort comprising at least one clinical case. In some
instances, machine learming methods are applied to the
generation of such models. In some cases, a model predicts
the outcome for one or more treatment options with higher
accuracy than a heuristic method, and optionally provides a
confidence level of the prediction. Such models can be
generated by providing a machine learning algorithm with
training data in which the expected output 1s known in
advance, e.g., an output 1n which it 1s known that a clinical
case having a specific data set (e.g., patient information and
treatment information) achieved a particular outcome or a
probability 1n which a particular outcome was achieved
within a known group of clinical cases having specific data
sets.

In some 1nstances, machine learning methods are applied
to select, from a plurality of models generated, one or more




US 11,887,738 B2

15

particular models that are more applicable to certain treat-
ment options, certain types of diseases (e.g., different types
of cancer), and/or certain patients. For example, a more
aggressive model which makes benefit-heavy assessments
may be applied to a patient that has a predicted life span
below a predetermined threshold (e.g., 3 months, 1 year, 3
years, 10 years, etc.) and recommend more high-risk, high-
benelit treatment options to the patient. Conversely, a less
aggressive model may make risk-heavy assessments and
exclude the high-risk, high-benefit treatment options from
any recommendations to a patient who has a higher pre-
dicted life span. In other instances, different predictive
models (using different techniques) may be generated for
analyzing treatment rationales directed to different types of
diseases. For example a classification regression technique
may be more suitable for analyzing the knowledge base
sector relevant to a first type of cancer and a clustering
technique may be more suitable for analyzing the knowledge
base sector relevant to a second type of cancer.

The training data for the machine learning algorithms can
be provided as follows. Clinical cases with known outcomes
can be grouped into cohorts based on patient information
and/or treatment information. For example, patient informa-
tion can include patient age, gender, cancer type, cancer
stage, site of origin of (primary) tumor, site of metastasis (if
available), one or more morphological features, tissue type,
test results for one or more disease markers (e.g., determined
using 1mmunohistochemistry, qPCR/gQRT-PCR, genetic
sequencing, flow cytometry, or other laboratory techniques),
or other relevant information. The site of origin of the tumor
can be lung, pancreas, colorectal, breast, ovarian, prostate,
kidney, stomach, brain, esophagus, liver, gallbladder, larynx,
pharynx, bladder, bile ducts, or other source. In some cases,
the cancer has a hematologic origin such as lymphoma,
leukemia, or multiple myeloma. Treatment information can
include any past or present treatment admimstered to the
patient (including non-treatment or placebo), any corre-
sponding treatment rationale associated with the treatment,
and any outcome of the treatment. Examples of outcomes
include survival rate (e.g., disease-free survival, progres-
sion-iree survival, S-year survival rate), remission, tumor
s1ze (e.g., shrinkage, remains the same, grows), metastasis,
recurrence, or other prognostic metrics. In some cases,
outcomes account for changes to treatment due to uniore-
seen or unexpected events such as complications arising
from treatment such as adverse response to the treatment
that forces discontinuation of treatment, hospitalization, or
other alteration of the treatment regimen.

The classifier or trained algorithm of the present disclo-
sure can comprise one feature space. In some cases, the
classifier comprises two or more feature spaces. The two or
more feature spaces may be distinct from one another. Each
feature space can comprise types of information about a
case, such as biomarker expression or genetic mutations.
The accuracy of the classification may be improved by
combining two or more feature spaces in a classifier instead
of using a single feature space. The patient and treatment
information generally make up the mnput features of the
feature space and are labeled to indicate the classification of
cach case for the given set of mput features corresponding
to that case. In many cases, the classification is the outcome
of the case. For example, a case may include more than one
classification/outcome (e.g., a case may have an outcome
that includes successiul 5-year survival and tumor shrink-
age). The training data 1s fed into the machine learning
algorithm which processes the mput features and associated
outcomes to generate a model or prediction engine. In some
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cases, the machine learning algorithm i1s provided with
training data that includes the classification (e.g., treatment
option, outcome, etc.), thus enabling the algorithm to “learn™
by comparing its output with the actual output to modify and
improve the model. This 1s often referred to as supervised
learning. Alternatively, 1n some instances, the machine
learning algorithm 1s provided with unlabeled or unclassified
data, which leaves the algorithm to identify hidden structure
amongst the cases (e.g., clustering). This 1s referred to as
unsupervised learning. Sometimes, unsupervised learning 1s
usetul for identiiying the representations that are most usetul
for classifying raw data (e.g., identifying features that help
separate cases 1nto separate cohorts). For example, unsuper-
vised learning may 1dentify hidden patterns such as rela-
tionships between certain features and treatment rationales
from the data in the knowledge base that may not be readily
apparent to trained clinicians.

One or more sets of training data may be generated and
provided to a decision engine comprising one or more
algorithms for making predictions. An algorithm may utilize
a predictive model such as a neural network, a decision tree,
a support vector machine, or other applicable model. Using
the training data, an algorithm can form a classifier for
classifying the case according to relevant features. The
teatures selected for classification can be classified using a
variety of viable methods. In some embodiments, the trained
algorithm comprises a machine learning algorithm. The
machine learning algorithm may be selected from the group
consisting of a supervised, semi-supervised and unsuper-
vised learning, such as, for example, a support vector
machine (SVM), a Naive Bayes classification, a random
forest, an artificial neural network, a decision tree, a
K-means, learning vector quantization (LVQ), self-organiz-
ing map (SOM), graphical model, regression algorithm (e.g.,
linear, logistic, multivanate, association rule learning, deep
learning, dimensionality reduction and ensemble selection
algorithms. In some embodiments, the machine learning
algorithm 1s selected from the group consisting of: a support
vector machine (SVM), a Naive Bayes classification, a
random {forest, and an artificial neural network. Machine
learning techniques include bagging procedures, boosting
procedures, random forest algorithms, and combinations
thereof. Illustrative algorithms for analyzing the data include
but are not limited to methods that handle large numbers of
variables directly such as statistical methods and methods
based on machine learning techniques. Statistical methods
include penalized logistic regression, prediction analysis of
microarrays (PAM), methods based on shrunken centroids,
support vector machine analysis, and regularized linear
discriminant analysis.

A trained algorithm or classifier may employ information
from any part of the information from a training data set. The
classifier can be tested using data that was not used for
training to evaluate its predictive ability. The predictive
ability of the classifier can be explained using various
metrics. These metrics include accuracy, specificity, sensi-
tivity, positive predictive value, negative predictive value,
which are determined for a classifier by testing 1t against a
set of independent samples (cases). True positive (TP) 1s a
positive result that detects the condition when the condition
1s present. True negative (IN) 1s a negative result that does
not detect the condition when the condition 1s absent. False
positive (FP) 1s a result that detects the condition when the
condition 1s absent. False negative (FN) 1s a test result that
does not detect the condition when the condition 1s present.
Accuracy 1s defined by the formula: accuracy=(TP+1TN)/
(TP+FP+FN+TN). Specificity (“true negative rate”) 1s
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defined by the formula: specificity=TN/(TN+FP). Sensitiv-
ity (“true positive rate”) i1s defined by the formula:
sensitivity=TP/(TP+FN). Positive predictive value (PPV or
“precision”) 1s defined by the formula: PPV=TP/(TP+FP).
Negative predictive value (NPV) 1s defined by the formula:
NPV=TN/(TN+FN). In some instances, a trained classifier
has an accuracy of at least about 70%, 75%, 80%, 85%,
90%, 95% or more for at least about 1, 2, 3, 4, 35, 6, 7, 8, 9,
10, 15, 20, 25, 35, 40, 45, 50, 60, 70, 80, 90, 100, 110, 120,
130, 140, 150, 160, 170, 180, 190, or 200 independent
samples, including increments therein. In some instances, a
trained classifier has a specificity of at least about 70%, 75%,
80%, 85%., 90%, 95% or more for at least about 1, 2, 3, 4,
6,7,8,9,10, 15, 20, 25, 30, 35, 40, 45, 50, 60, 70, 80, 90,
100, 110, 120, 130, 140, 130, 160, 170, 180, 190, or 200
independent samples, including increments therein. In some
istances, a tramned classifier has a sensitivity of at least
about 70%, 75%, 80%, 85%, 90%, 95% or more for at least
about 1, 2, 3,4, 5,6,7,8,9, 10, 15, 20, 25, 30, 33, 40, 45,
50, 60, 70, 80, 90, 100, 110, 120, 130, 140, 150, 160, 170,
180, 190, or 200 independent samples, including increments

therein. In some 1nstances, a trained classifier has a positive
predictive value of at least about 70%, 75%, 80%, 85%,

90%, 95% or more for at least about 1, 2, 3,4, 5, 6, 7, 8, 9,
10, 15, 20, 25, 35, 40, 45, 30, 60, 70, 80, 90, 100, 110, 120,
130, 140, 150, 160, 170, 180, 190, or 200 independent
samples, including increments therein. In some 1nstances, a
trained classifier has a negative predictive value of at least
about 70%, 75%, 80%, 85%, 90%, 95% or more for at least
about 1, 2, 3,4, 5,6,7,8,9, 10, 15, 20, 25, 30, 33, 40, 45,
50, 60, 70, 80, 90, 100, 110, 120, 130, 140, 150, 160, 170,
180, 190, or 200 independent samples, including increments
therein.

FIG. 1 shows an example process for utilizing a decision
engine and molecular tumor boards to carry out analysis of
climical cases. The process shows a continuous and seli-
reinforcing process by which new clinical cases are entered
into the system 101. These cases are reviewed and/or
validated by one or more molecular tumor boards 102,
which may involve generation or validation of treatment
hypotheses, treatment options, treatment rationales, or a
combination thereof. Molecular tumor boards are generally
composed of domain experts such as clinicians, researchers,
and bioinformaticians. In some cases, treatment information
such as treatment options are generated by the decision
engine 107 using the knowledge base and presented to the
molecular tumor board for consideration during the evalu-
ation of a case. The decision engine can coordinate decisions
across multiple patients to optimize learning (e.g., a multi-
armed bandit problem) while also optimizing each patient’s
outcome. Once the molecular tumor board has reviewed a
given case, the attending physician or healthcare profes-
sional at the point of care may decide with the patient on a
particular treatment option 105 (e.g., according to a treat-
ment recommendation made by the molecular tumor board).
In some cases, the treatment decision 1s not an actual
treatment but instead a decision to run one or more tests, or
to monitor the patient. This treatment decision 1s stored, and
the case 1s then monitored for any additional information
such as outcome data with all the mnformation stored in the
knowledge base 106. The information in the knowledge base
106 can include published cases (e.g., mined from journal
articles), ask cases (e.g., cases entered by members of the
network/community), and tumor board cases (e.g., includes
complex cases reviewed by molecular tumor boards). The
knowledge base 106 can also have data such as from the CC
registry, NHS data, or partner registries. Likewise, the
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validated treatment rationales 104 are also stored in the
knowledge base. The decision engine 107 can learn using
information from the knowledge base 106 (e.g., using
knowledge base data as the prior for determining a posterior
probability distribution).

Although FIG. 1 shows a Bayesian decision engine, this
1s an example embodiment, and non-Bayesian decision
engines may be used for performing the methods described
herein. The information 1n the knowledge base can be used
to generate prior probabilities for use by the Bayesian
decision engine to calculate the posterior probabilities (e.g.,
ol one or more treatment outcomes). As the clinical cases are
monitored, some can achieve one or more outcomes (e.g.,
remission, S5-year survival). This new data 1s added to the
knowledge base 106 and incorporated into the analysis by
the Bayesian decision engine. The process may use a Bayes-
1an network. In some cases, the process uses an artificial
neural network as shown 1 FIG. 2 as a machine learming
method. However, 1t must be noted that other machine
learning methods such as support-vector machines (SVMs),
decision trees, and other methods can also be utilized.

Artificial neural networks such as the one shown 1n FIG.
2 mimic networks of neurons based on the neural structure
of the brain. They process records one at a time, or 1n a batch
mode, and “learn” by comparing their classification of the
case (which, at the outset, may be largely arbitrary) with the
known actual classification of the case. Artificial neural
networks are typically organized in layers which comprise
an mput layer, an output layer, and at least one hidden layer,
wherein each layer comprises one or more neurons or nodes.
Some artificial neural networks comprise at least one, two,
three, four, five, six, seven, eight, nine, or ten hidden layers
and/or no more than one, two, three, four, five, six, seven,
eight, nine, or ten hidden layers. Each node 1n a given layer
1s usually connected to the nodes in the preceding layer and
the nodes 1n the subsequent layer. Typically, a node receives
input from the neurons in the preceding layer, changes its
internal state (activation) based on the value of the received
input, and generates an output based on the mput and
activation that 1s then sent towards the node in the subse-
quent layer. The connections between neurons or nodes are
represented by a number (weight) which can be positive
(1indicative of activating or exciting the subsequent node) or
negative (indicative of suppression or inhibition of the
subsequent node). A larger weight value indicates a stronger
influence the node 1n a preceding layer has on the node 1n the
subsequent layer. Accordingly, the mnput propagates through
the layers of the neural network to generate a final output
classification such as, for example, a value for one or more
treatment options represented by neurons 1n the output layer.
As an example, the output layer may comprise a node
corresponding to surgery and a node corresponding to che-
motherapy. The output can be ranked according to the values
of these respective nodes (which are typically normalized to
a value between 0 and 1). In a case where the node
corresponding to surgery has a value of 0.9 while the node
corresponding to chemotherapy has a value of 0.1, the
output can be ranked with surgery as the number one
treatment option and chemotherapy as the number two
treatment option. In some cases, treatment options are not
ranked and/or presented when they fall below a minimum
significance threshold. In some instances, a threshold 1s a
normalized value of about 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8
or 0.9, including increments therein.

The mput nodes may correspond to selected parameters
relevant to the output. For example, input nodes may cor-
respond to patient age, gender, tumor type, or other patient/
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cancer/treatment parameters. In some cases, the errors from
the 1nitial classification of the first record are fed back into
the network, and are used to modify the network’s algorithm
in an 1terative process.

The neural network can be trained using the training data
described herein. As shown 1n FIG. 2, a neuron or node in

an artificial neural network 1s present 1 one of the nput,
output, or hidden layers. A neuron typically has a set of input
values (x1) and associated weights (wi1) and a function (g)
that sums the weights and generates an output (y) based in
part on the mput values, weights, and function. A bias
(constant term) 1s also provided to each neuron. The input
layer 1s composed of nodes containing the values 1n the data
that constitute inputs for the next layer of nodes. The next
layer 1s called a hidden layer of which there may be several.
The final layer 1s the output layer, and may have one node
for each classification. A single run forward through the
network using a sample (e.g., a clinical case) produces a
value for each output node, and the class label 1s often
assigned to the output node with the highest value.

During training, the correct class for each case 1s known
(supervised training), and the output nodes can therefore be
assigned the correct values (e.g., 1 for a correct class and O
for incorrect/others). This allows a comparison to be made
between the neural network’s calculated values for the
output nodes to the correct or known values. Accordingly, an
error may be calculated for the output nodes and then are
used to adjust the weights 1n the hidden layers so that the
output values may converge towards the correct values as
the network 1s trained through successive rounds using the
training data. The neural network uses an iterative learning
process 1n which data cases (e.g., clinical cases) are pre-
sented to the network one at a time, and the weights
associated with the connections between layers are adjusted
cach time. For example, a node that 1s found to have low
relevance or impact on a node 1n a subsequent layer may
have a connection weight that decreases through the course
of tramning, thus reflecting 1ts weak relationship with the
other node.

Advantages of neural networks include high noise toler-
ance and the ability to classily patterns on which they have
not been trained. One example of a neural network algorithm
1s a back-propagation algorithm, such as Levenberg-Mar-
quadt.

During training, the neural network typically processes
the records in the tramning data one at a time, using the
welghts and functions 1n the hidden layers, then compares
the resulting outputs against the desired outputs. Errors are
then propagated back through the system, causing the sys-
tem to adjust the weights for application to the next record
to be processed. This process occurs over and over as the
welghts are continually tweaked. During the training of a
network the same set of data may be processed many times
as the connection weights are continually refined. Where
predictive treatment options are provided, such predictive
treatment options may be assigned a predicted outcome
score for each of one or more outcomes (e.g., 1 for 3 month
survival, 0.8 for 5 year survival, 0.1 for 10 year survival,
ctc.) based on the cumulative training of the neural network,
and recordation of actual outcome may be provided for
comparison, the differential of which may be propagated
back through the system to iteratively train the 