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Harnessing an Artificial Intelligence Platform to Dynamically
Individualize Combination Therapy for Treating Colorectal

Carcinoma in a Rat Model

Xianting Ding, Vincent H. S. Chang, Yulong Li, Xin Li, Hongquan Xu, Chih-Ming Ho,*

Dean Ho,* and Yun Yen*

Designing multi-drug regimens often involves target- and synergy
prediction-based drug selection, and subsequent dose escalation to achieve
the maximum tolerated dose (MTD) of each drug. This approach may improve
efficacy, but not the optimal efficacy and often substantially increases toxicity.
Drug interactions depend on many pathways in the omics networks and
further complicate the design process. The virtually infinite drug—dose
parameter space cannot be reconciled using conventional approaches, which
are largely based on prediction. This barrier at least partially accounts for the
low response rates that are observed with conventional mono- and
combinatorial chemotherapy. A combination of nonstandard therapies for
colorectal cancer (AGCH: adriamycin, gemcitabine, cisplatin, and herceptin)
at 74 MTD is used to treat the rats, the tumor response rates varied in a wide
range. Some of the tumor response rates are close to that of control group.
This work harnesses an artificial intelligence (Al) platform that is mechanism

developing CRC is =~1 in 20 (5.1%).>"
Numerous cancer therapies such as 5-
fluorouracil (5-FU), irinotecan, oxaliplatin,
bevacizumab, cetuximab, and panitu-
mumab, and the oral drug capecitabine
have been effective against CRC. Several
combinations of these drugs, such as
FOLFOX (leucovorin, 5-FU, and oxali-
platin), FOLFIRI (leucovorin, 5-FU, and
irinotecan), and XELOX (oxaliplatin and
capecitabine), with or without a monoclonal
antibody, have been reported to improve
CRC treatment outcomes.*'° However,
the efficacy of current chemotherapeu-
tic agents against CRC has reached a
plateau. The chemotherapy response rate
is about 25%."1 The 5-year survival rate

free and can dynamically optimize combinatorial therapy in rats. The
individually optimized AGCH regimen reveal starkly different drug—dose
parameters, which can converge each rat toward the same and low tumor
response rate. Importantly, this Al-based drug—dose optimization technology

is an actionable platform, which can achieve N-of-1 therapy.

1. Introduction

Colorectal carcinoma (CRC) is the third most common can-
cer in men (663 000 cases, 10.0% of all cancer cases) and
the second most common cancer in women (571 000 cases,
9.4% of all cancer cases) worldwide.l The lifetime risk of

of patients with advanced CRC has re-
mained <8% due to the development of
resistance to treatment.'® With regard to
more recently developed therapies, tyrosine
kinase inhibitors can potentially avoid
chemotherapy-induced cytotoxicity.') Tar-
geted agents can potentially overcome
chemotherapy resistance and enhance
patient response localized or advanced cancer.?l Despite their
promising potential, these inhibitors have benefited only cer-
tain patient populations with CRC.23 In this study, we tested
a new combination of existing drugs for increasing response.
The present study evaluated the CRC tumor response inhibitory
effects of the four-drug combination (AGCH: adriamycin,
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gemcitabine, cisplatin, and herceptin) in rat model. The four
compounds are not typically used as monotherapies toward col-
orectal cancer, or in combination with other drugs. Among
the four drugs, cisplatin, adriamycin, and gemcitabine are
chemo agents. They target on Topoll and DNA replication en-
zyme. Herceptin is an antibody, which targets on EGFR re-
ceptor ERB2. Combinatorial application of these agents poten-
tially exerted beneficial effects and promoted their anti-CRC
efficacy.

In combinatorial therapy, simultaneously reconciling the drug
and dose space is required. This is due to the fact that drug syn-
ergy is dose dependent and as such, delivering what are perceived
to be suitable drugs at the wrong dose ratios can lead to subopti-
mal responses.[12-1416242] promising strategies to design novel
drug combinations have included pairwise drug predictions, sys-
tems biology-guided drug combination design, as well as ex vivo
and disease modeling approaches, among others, in an effort
to estimate how diseased systems will respond to multi-drug
inputs.?>3l Furthermore, delivering drugs that may have never
been considered at the right dose ratios can lead to treatment re-
sponses that markedly exceed conventional regimens.***2 Opti-
mizing both drug and dose at the same time, the search space is
too large to be handled by the conventional high throughput tech-
nology. This insurmountable barrier at least partially accounts
for the high incidence of drug trial failure and low response
rates.[*344

In addition to the large drug—dose search space, the detailed
mechanisms of drug-dose interacting with cellular omics and
physiological functions present further challenges to identify the
most potent regimen for patients. Hence, artificial intelligence
(AI) is selected in this study for the reason that it is a mechanism-
independent enabling technology to search and to optimize the
desired outcomes by learning from a set of data. AI can be action-
ably executed to address disease heterogeneity, pharmacokinet-
ics, co-morbidities, and rapid changes to patient physiology.[*>—7]
Al is an indication agnostic and model-free platform, which can
rapidly and dynamically optimize treatment for the entire dura-
tion of care.
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The broader definition of Al, particularly in the context of
medicine, is the use of large data sets to train algorithms to itera-
tively solve for constants in these algorithms that can mediate im-
proved image recognition for diagnostics, as well as drug discov-
ery and development.?>#8-53 With a few hundred experimental
data points, we applied an artificial intelligence (Al)-based neu-
ral networks approach to correlate drug—dose inputs with phe-
notypic outputs (tumor burden, toxicity markers).** The pheno-
typic response surface (PRS) surprisingly has a very smooth land-
scape, which indicates that the efficacies/toxicities has a simple
relationship with the therapeutic inputs.

It is very encouraging the Al platform leads to a smooth PRS.
We further discovered that this PRS surface is governed by a
quadratic algebraic series, which collectively mediates the action-
ability of this platform.’* The quadratic algebraic polynomials
can be expressed as follows.

R(C,8) =%, +Zx (06 () + Sy (0607 + 22, (0, (g () (1)

where ¢;(t) and ¢(t) are drug concentrations at time t. The co-
efficients, x,, x; y;, and z;, define the interactions of drugs
with both the molecular mechanisms (genetics, proteomics tran-
scriptomics, and metabolomics, etc.) and unique physiological
behavior (metabolism, immune system and pharmacokinetics,
etc.) of a biological system ranging from cells, to animals, to
patients.*65>-%8 PRS derived by the augmented Al technology has
shown that the phenotypic response to drug administration can
be represented quadratically. The discovery of the PRS correla-
tion in turn eliminates the need for big data training sets, which
is not feasible in clinical setting. Our AI-PRS platform is aug-
mented in that it uses rapid experimental validation, and not in
silico methods, for optimization.

Based on the PRS correlation, a rationally developed, small
number of calibration assays (in vitro, preclinical, or human)
can be used in concert for deterministically identifying these co-
efficients and immediately prescribing a globally optimal treat-
ment course.[*>43359%01 For example, in an in vitro search of
potent drug—dose combinations from a pool of 14 drugs, Equa-
tion (1) has 120 coefficients. Instead of carrying out 6 billion high
throughput tests, 120 experiments can tell us the optimized reg-
imens ranked by efficacy.®® In in vivo setting, only very small
number of data points are available, especially in the case of per-
sonalized therapy. In other words, large amount training data is
not possible for in vivo test. The AI-PRS equation enables im-
mediate implementation of the optimized drug doses at a given
time, t, and dynamically re-optimizes these doses during treat-
ment to adjust for mechanistic (e.g., genomics, proteomics, tran-
scriptomics), physiological, and treatment regimen changes in
personalized medicine.l**3”] As AI-PRS is a model-free approach,
the implementation is agnostic to the class of drugs used or indi-
cation being treated, and has been validated in multiple disease
indications ranging from cancers,””) infectious diseases?®>*° to
immunosuppression.*® Therefore, the PRS correlation serves as
a hallmark for the actionability of our platform, which has been
validated in cell line, preclinical, and clinical tests.[3846:54-58.61.62]

The aberrant pathways in diseased cells will make the omics
networks depart from their normal functions, which will prop-
agate to organs and to entire body. Identifying the disease
mechanisms and tracing their interactions with cellular and
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physiological functions are overwhelmingly complex. After drug
being applied, how the drugs interplay with cascade cellular and
physiological mechanisms to reach therapeutic purposes is at
least equally complex. We have applied the AI-PRS for indications
such as cancer,’”! infectious disease,*® and organ transplant.*°!
In this work, we use the platform for studying optimized combi-
natorial therapy for solid tumor in genetically homogeneous rat
and cancel cell line, such that the effects of physiology of individ-
ual rat can be examined.

Using the PRS augmented AI platform, a novel combina-
tion therapy (AGCH: adriamycin, gemcitabine, cisplatin, and her-
ceptin), was dynamically optimized to increase the treatment re-
sponse rate using rat models (Figure 1). Of note, these four com-
pounds are not typically used as monotherapies toward CRC, or
in combination with other drugs. Al agnostically optimizes the
combination of these four drugs to reconcile the best dosages
modulated over time, independent of target or mechanistic bi-
ology. Following the initial administration of AGCH at %4 maxi-
mum tolerated dose (MTD) of each drug to each rat, which also
served as the calibration period for the PRS coeflicients, a sub-
stantial level of variability was observed between the treated rats
during the initial calibration period, even when using the genet-
ically homogeneous rats and cancer cell line for the study. Upon
PRS implementation, each rat was treated by the individually op-
timized regimen (IOR). The tumor response in each rat was ac-
tionably converged such that all rats responded to treatment. Im-
portantly, all rat tumors collapsed in a uniform fashion to reveal
a universally potent and collective treatment response. In order
to achieve this outcome, this work demonstrates the substantial
changes to drug dose and individualized dose modulation that
are required for each rat. AI-PRS successfully reconciled these
differences to result in collective agnostic optimization of first-
order, second-order, and drug—drug interaction terms of the PRS
equation that resulted in optimized treatment responses for all
rats, despite subject-specific drug antagonism. In effect, PRS aug-
mented Al platform successfully uncovered the foundation for
why population-averaged drug administration results in low re-
sponse rates, and actionably overcame this barrier to mediate op-
timized multi-drug treatment.

2. Results

2.1. Calibration: /4 Maximum Tolerated Dose Regimen and
Individually Optimized Regimen

In this study, a rat model (Ctl:NIH-Foxn1™", Charles River) was
used to test a new antitumor regimen (AGCH: cisplatin, adri-
amycin, herceptin, and gemcitabine) to treat CRC. Each rat was
inoculated subcutaneously at the rear right flank with HT-29
colon cancer cells (1 x 10°) in 0.1 mL of PBS.®* The tumor size
served as the primary efficacy indicator.

Based on the MTDs obtained from the literature (Table S1,
Supporting Information), the ¥4 MTD regimen was developed
by combining the ¥4 MTD of each of the four drugs. The Vs
MTD regimen was as follows: cisplatin, 1.5 mg kg™!; adriamycin,
1.5 mg kg~!; herceptin, 82.7 mg kg~!; and gemcitabine, 30.0 mg
kg~'. The IOR was determined using PRS technology for each rat
according to the protocol described in the Section 4. The weight

Adv. Therap. 2019, 1900127

1900127 (3 of 12)

www.advtherap.com

combination of
Y MTDy of 4 drugs

s
4=]
S
£ =) %
9] )
g v
3
2
Dose of MTDy @
drug X
b
Q
T ®
s |®
3
2 L s = e e i
2
2 @
s e
o
5
= IOR1 IOR2 IOR3 IOR4 IORS
c
Al-optimization process Al optimized
regimen

via PRS

d

)

©

14

@

[72]

s

2 el Nt o
5 @

2 IOR1 IOR2 IOR3 IOR4 IORS

Figure 1. Augmented artificial intelligence-guided optimization of individ-
ualized combination therapy. a) Based on dose response curves of drug
x, the calibration regimen (CR) dose of drug x are determined. All rats are
treated with the CR on day 1 and day 7. b) The highly variable tumor re-
sponse rates of all rats are measured and correlated with the correspond-
ing drug dose inputs. c) Based on the drug—dose values and the tumor
response rate of individual rat, the phenotypic response surface (PRS)
platform was applied to obtain the individually optimized regimen (IOR)
for each rat. d) The subject-specific IOR regimen is subsequently adminis-
tered on day 14 and day 24 to comprehensively converge to the best tumor
response rate.

and dosing level of each rat in IOR group are listed in Table S2,
Supporting Information.

The study included two groups of rats. The three rats in
the control group (C1-C3) were treated with the same volume
(0.1 mL) of phosphate-buffered saline (PBS). The five rats in the
IOR group (IOR1-IOR5) were treated with ¥4 MTD doses for
each drug in the morning of day 1 and day 7. The five rats were
treated by IOR in the morning of day 14 and 24. The tumor sizes
were measured in the afternoon of every day (Figure S1, Support-
ing Information).
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Figure 2. Harnessing augmented artificial intelligence to individually optimize dynamic combination therapy. a) The tumor responses of the control
group during days 1-3 are shown (n = 3). No apparent efficacy is observed. Tumor sizes were normalized to the tumor size of individual rats measured
at day 0. b) The CR regimen was applied on day 1 and day 7 and the normalized tumor size is shown (n = 5). Tumor sizes were normalized to the
tumor size of individual rats measured at day 0. The IOR regimen was applied on day 14 and the tumor sizes were normalized to the tumor size of the
individual rat measured at day 0 (n = 5). c) A waterfall plot based on the normalized tumor size deducted by the normalized average tumor size of the
control group is shown for IOR1, IOR2, IOR3, IOR4, and IOR5. d) The response rate based on the normalized tumor size for all five subjects from days
9-13 is shown (average rate = 0.0276, SD = 0.0183). The green dashed line is the averaged response rate of the control group (average rate = 0.0576,
SD =0.0204) e) The tumor sizes normalized to the tumor size of the individual rat measured at day 13 are shown for the IOR group (n = 5). The control
group average tumor size during the course of treatment is shown. f) The response rate based on the normalized tumor size for all five subjects from

days 14-30 is shown (average rate = 0.00776, SD = 0.00291).

2.2. Individually Optimized Regimens Markedly Enhance Tumor
Treatment Response

The normalized tumor size is the tumor size of a rat measured at
a specific day of interest divided by the tumor size at day 0 (Table
S2, Supporting Information). To provide more insight into the
high degree of variability in PBS treatment response between rats
C1 and C3 during the 30-day treatment period that subsequently
required management by PRS, tumor response normalized to the
tumor size of each rat at day 0 were plotted (Figure 2a). During
days 0-3, the tumor response increased in a linear fashion with
time. During days 3-9, tumor experienced regress (C1) and slow
response (C2 and C3). From days 9-30, tumors of rats C1 and rats
C2 have linearly response rate. Rat C3 had much faster tumor
response rate after day 9 and started to fizzle on day 18.

The normalized tumor sizes of rats IOR1-5 and the aver-
age response of the control group were plotted (Figure 2b).
These rats also exhibited highly diverse responses while under
treatment with %4 MTD regimens. During days 0-3, tumor re-
sponse increased in a linear fashion. During days 3-9, as previ-
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ously observed with rats C1-3, tumor response exhibited an un-
steady/high variable state, where tumor response occurred be-
tween days 3 and 5, and regression was clearly observed for rats
IOR1, IOR2, and IOR4 between days 5 and 9 (Figure 2b). During
days 9-13, tumor responses resumed with an average normal-
ized tumor response rate of 0.0276/day (SD = 0.0183). Among
the five rats, only rat IOR4 had a clearly favorable response to
the ¥4 MTD regimen (Figure 2d). A waterfall plot was analyzed
to demonstrate the variability in each subject’s response to Vs
MTD treatment, and the resulting use of the IOR regimen to op-
timize the time-dependent, dose-dependent, and subject-specific
responses to treatment efficacy (Figure 2¢).* In the waterfall fig-
ure, the normalized averaged tumor size of the control group was
used as the reference. In this plot, IOR administration results in
a substantial increase in efficacy.

It is widely recognized that combination chemotherapy results
in highly variable treatment outcomes between patients and re-
sponse rates of ~25%.1%! The inability to pinpoint optimized
doses in the combination to accommodate genetics related hu-
man heterogeneity and patient-specific physiological responses
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to therapy combination results in implicitly suboptimal treat-
ment efficacy and could be the reason for low response rate under
Y4 MTD treatment (Figure 2d). Among the five rats, the response
rates of Rats 3 and 5 are close to that of the control group (green
dashed line). Only IOR4 has the best response rate. Remarkably,
upon IOR implementation, the AI-PRS-derived optimal doses for
each rat resulted in all IOR rats responding to treatment with all
rats collapsing toward a uniform normalized tumor response rate
(Figure 2e). Furthermore, the rats uniformly converged toward
the average tumor response rate of 0.00776/day (SD = 0.00291),
which was similar to the response rate of IOR4, the best among
all five rats under ¥4« MTD treatment (Figure 2f). The averaged
tumor response rate of the IOR group from day 14 to day 30 was
about 13.5% of the tumor response rate of the control group from
day 9 to day 30 (Figure 2a,f).

2.3. Dynamic Responses of the Phenotypic Response Surface

To demonstrate how dose ratios can substantially affect the
subject-specific nature at any given time during treatment, PRS
drug interaction surfaces based on the prospective treatment of
the IOR cohort were plotted. For a four-drug regimen, six drug—
drug interaction surfaces are created, with the horizontal axes
showing the drug doses and the vertical axis representing the
normalized tumor size. As such, the PRS visualizes tumor size
variations as they correlate with drug doses based on experimen-
tal validation, not estimation or prediction. Importantly, this plot
implicitly represents the integration of disease mechanisms (e.g.,
genomics, proteomics, transcriptomes, etc.) as well as physiol-
ogy and drug behavior for a specific subject. The PRS plots con-
tinuously varied during the 3 days following %4 MTD regimen
administrations on day 7. These surfaces can change rapidly dur-
ing treatment and PRS-mediated identification of these surfaces
as they undergo dynamic changes during the course enables con-
tinuous optimization during the course of treatment (Video S1,
Supporting Information).

The PRS plots for each of the five IOR rats at day 13 are shown,
with the yellow markers denoting the IOR that was administrated
on day 14 (Figure 3 and Video S1, Supporting Information). From
these surfaces, the PRSs of Rats 1, 2, and 4 are different but have
similar patterns. However, the PRSs of Rat 3 are similar to those
of Rats 1, 2, and 4, but adriamycin—cisplatin interaction is differ-
ent from that of Rats 1, 2, and 4. Rat 5 has different patterns from
that of the other four rats. The tumor response rates of Rats 3, 5
are higher than the response rates of the other three rats in IOR
group (Figure 2d).

2.4. Linear, Quadratic, and Drug-Drug Interaction Terms of the
AI-PRS Equation

The phenotypic outputs were obtained based on the PRS plat-
form by optimizing the drug and dose inputs according to Equa-
tion (1), with one coefficient, x,, and 14 terms for a four-drug
combination. Not all of the terms contribute to tumor response
at all the time, and the drug-drug interactions terms can be ei-
ther synergistic or antagonistic. However, all of these terms must
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be considered in order to achieve global optimization, and at
least 15 experimental assays are required to solve for these terms.
In experimental terms, this means that predictive analysis (e.g.,
drug—drug interactions) cannot substitute experimental valida-
tion. Most importantly, PRS can guide the search of the IOR
doses of the drugs and eventually lead the intricate balances of
15 terms to the most desired tumor responses for all the tested
subjects. Using AI-PRS platform to identify this set of 15 coeffi-
cients and terms is the foundation of deterministic optimization
during the dynamic treatment regimen.

Each term in Equation (1) consists of a coefficient multi-
plied by the concentrations ¢;, ¢?, or ;. The dose of each
drug is an independent variable and could be freely adjusted
during the course of the study. The values of coefficients x;,
Yi» and z; reflect the changes in the phenotypic outputs (e.g.,
tumor size), which are a function of subject genomics, pro-
teomics and metabolomics, and other omics mechanisms, as well
as drug—physiology interactions (Table S3, Supporting Informa-
tion). Hence, these coefficients are cross-correlated and depen-
dent on time and the physiological conditions of each test subject.
Terms associated with ¢, are contributed by the linear drug effects
on tumor response. Terms associated with ¢ are contributed by
the quadratic drug effects on tumor response. Terms associated
with ¢¢; are contributed by the drug-drug interaction (synergistic
or antagonistic) effects on tumor response. The actual increase or
decrease in tumor size is associated with the sum of all 15 prod-
ucts of coefficients and concentrations. Therefore, synergism and
antagonism, which are often represented by drug-drug interac-
tions, constitute only a portion of the factors that impact tumor
response.

2.5. The Drug-Drug Interactions that Dictate Synergism and
Antagonism are Time Dependent

By integrating each term in Equation (1) from day 0 to day 13
and normalizing to the tumor size at day 0, the sum is the nor-
malized tumor size at day 13. From day 0 to day 13, rats IOR1-
IORS were given the %4 MTD regimen. The dynamic behavior of
the drug—drug interaction terms and their impact on tumor size
were analyzed for day 7 to day 13 (Figure 4). Day 7 was the second
treatment of ¥4 MTD regimen. The synergism or antagonism be-
tween two drugs depends on multiple factors including the spe-
cific subject being treated. For the drug-drug interaction term,
if the value is negative and will reduce the tumor size, this value
represents drug synergy. If the value is positive, these two drugs
will be antagonistic. For the same rat, the drug—drug interactions
are not all synergetic (negative values) or all antagonistic (positive
values). The magnitudes of the drug-drug interactions became
pronounced except IOR 3 after day 9. The tumor response rate of
each rat from day 9 to day 13 was almost constant (Figure 1d).

2.6. Tumor Response Contributed by the Linear, Quadratic, and
Drug-Drug Interaction Terms

All 15 terms of IOR1 (Figure 5a), IOR2 (Figure 5b), IOR3
(Figure 5c), IOR4 (Figure 5d), and IORS5 (Figure 5e), are plotted
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Figure 3. Dynamic responses of phenotypic response surface (PRS). Optimized drug—drug interactions of IOR1, IOR2, IOR3, IOR4, and IOR5 on day
13 are shown. Optimal dosing parameters are indicated by a yellow marker. a) IOR1: Optimized drug interaction PRS plots for adriamycin—cisplatin,
herceptin—cisplatin, and gemcitabine—cisplatin are shown. b) IOR1: Optimized drug interaction PRS plots for herceptin—adriamycin, gemcitabine—
adriamycin, and gemcitabine—herceptin are shown. c) IOR2: Optimized drug interaction PRS plots for adriamycin—cisplatin, herceptin—cisplatin, and
gemcitabine—cisplatin are shown. d) IOR2: Optimized drug interaction PRS plots for herceptin-adriamycin, gemcitabine—adriamycin, and gemcitabine—
herceptin are shown. e) IOR3: Optimized drug interaction PRS plots for adriamycin—cisplatin, herceptin—cisplatin, and gemcitabine—cisplatin are shown.
f) IOR3: Optimized drug interaction PRS plots for herceptin—adriamycin, gemcitabine—adriamycin, and gemcitabine—herceptin are shown. g) IOR4: Op-
timized drug interaction PRS plots for adriamycin—cisplatin, herceptin—cisplatin, and gemcitabine—cisplatin are shown. h) IOR4: Optimized drug inter-
action PRS plots for herceptin-adriamycin, gemcitabine—adriamycin, and gemcitabine—herceptin are shown. i) IOR5: Optimized drug interaction PRS
plots for adriamycin—cisplatin, herceptin—cisplatin, and gemcitabine—cisplatin are shown. j) IOR5: Optimized drug interaction PRS plots for herceptin—
adriamycin, gemcitabine—adriamycin, and gemcitabine—herceptin are shown.
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Figure 4. The tumor treatment response is mediated time-dependent drug interaction terms. Normalized tumor sizes are plotted against drug—drug
interaction terms as a function of time for IOR1 to IOR5. A shift between drug synergism and antagonism is observed over time, demonstrating the need
for dynamic modulation of combination therapy to maintain optimized treatment outcomes. a) The impact of adriamycin—-gemcitabine interactions on
the normalized tumor size over time is shown. b) The impact of adriamycin—cisplatin interactions on the normalized tumor size over time is shown. c)
The impact of adriamycin—herceptin interactions on the normalized tumor size over time is shown. d) The impact of gemcitabine—cisplatin interactions
on the normalized tumor size over time is shown. e) The impact of gemcitabine—herceptin interactions on the normalized tumor size over time is shown.
f) The impact of cisplatin-herceptin interactions on the normalized tumor size over time is shown.

where i = 1, 2, 3, and 4 for adriamycin, gemcitabine, cisplatin,
and herceptin, respectively. All 15 PRS terms are either positive
or negative, with similar magnitudes, so that the predictive analy-
sis only based on drug—drug interaction terms cannot give a cor-
rect population-wide estimation of the resulting efficacy and or
toxicity. At day 13, the linear terms have no contributions to the
tumor response. Taking z,, as an example, a negative reading in-
dicates synergism between drugs 1 and 2 at day 13 for rat IOR1
(Figure 5a). Conversely, z,, is antagonism in IORS5 (Figure 5e).
Furthermore, the patterns of the 15 PRS terms (coefficients mul-
tiplied by the drug doses) of IOR1, 2, 3, and 4 are similar. The
signs of these terms of IORS5 are opposite to those in other rats.
The PRS analysis of terms revealed the substantial variability in
the contribution of their combinations toward tumor treatment
response between the subjects. Nonetheless, augmented AI-PRS
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implementation agnostically minimized the sum of all 15 terms
to optimize efficacy across all subjects.

2.7. Tumor Response Contributed by the Sums of Linear,
Quadratic, and Drug—Drug Interaction Terms

The sum of the linear, quadratic, and drug—drug interaction
terms for each rat was plotted (Figure 6). Prior to day 14, the
rats were treated by /4 MTD regimen. As previously established,
the treatment response is governed by all 15 terms of the four-
drug combinatorial regimen. Substantial variability in the con-
tribution of these terms toward tumor treatment response was
observed for days 6 and 7, for each subject. For example, the sum
of the linear terms contributed more toward tumor treatment
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Figure 5. Linear, quadratic, and drug interaction terms govern tumor treatment efficacy. The 15 outlined terms identify the linear relation of the drug
dose, the quadratic relation of the drug dose, as well as drug—drug interactions. The numerical subscripts serve as drug identifiers: 1: adriamycin, 2:
gemcitabine, 3: cisplatin, 4: herceptin. a) IOR1 terms are shown for day 13. b) IOR2 terms are shown for day 13. c) IOR3 terms are shown for day 13. d)

IOR4 terms are shown for day 13. e) IORS terms are shown for day 13.

response during day 6 for IOR2, IOR3, and IOR5 compared to
IOR1 and IOR4. Day 7 was the second treatment with ¥4 MTD
regimen. After day 7, the tumor responses of all rats depend on
the sum of the quadratic and drug—drug interaction terms. The
signs of the sum of quadratic and drug—drug interactions terms
are always opposite. The signs may switch between day 8 and day
10. Hence, the synergism and antagonism among drugs are dy-
namic and not a universal property of drug pairs. During days
11-13, the sum of drug—drug interaction terms of IOR1, IOR2,
IOR3, and IOR4 are all negative (synergetic). Only IOR 5 had an-
tagonistic drug—drug interactions and also has the highest tumor
response rate (Figure 2d).

2.8. Safety Study

To verify the safety of the IOR therapy approach used in this
study, we investigated two important biomarkers, namely the
blood neutrophil levels and the serum alanine aminotransferase
(ALT) levels after IOR administration. After the third treatment
(day 21), the neutrophil levels increased significantly in the IOR
compared to those in the control group. However, after the fourth
treatment (day 31), no significant differences were observed in
the neutrophil levels of the two groups (Figure S3a, Supporting
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Information). Furthermore, the serum ALT levels were moni-
tored after the third treatment to assess liver toxicity. The con-
trol and IOR showed similar variations in ALT levels (Figure S3b,
Supporting Information). A correlation of the tumor size on day
21 normalized to day 13 with the serum ALT levels for the con-
trol and IOR cohorts further revealed no apparent toxicity of the
AGCH combination (Figure S3c, Supporting Information). As
such, the rats treated by IOR did not exhibit any apparent liver tox-
icity. The substantially reduced tumor sizes coupled with unim-
paired liver function and absence of prolonged neutrophil level
changes suggested that the IOR was simultaneously efficacious
and well tolerated (Figure S3c, Supporting Information).

3. Discussion

Combinatory therapy is a mainstay for treating a variety of dis-
eases. However, it is an insurmountable challenge to trace the
mechanistic interactions among the drug—dose combinations
with the cellular omics and physiological functions. Therefore,
MTD is the common practice for determining the doses of drug
combination and usually ends with high toxicity and suboptimal
efficacy. We harnessed an Al neural networks platform, which
bypassed the big parameter space and revealed that the subject
body response to the therapeutic inputs is a smooth surface.
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as a function of time.

Furthermore, we discovered that the smooth PRS can be repre-
sented by a quadratic algebraic equation (Equation (1)), which
does not need a large number of data to train the neural networks.
Only a small set of orthogonally designed assays(®® can solve the
coefficients of PRS equation and dynamically optimize individ-
ualized or population-averaged combinatorial therapy. The PRS
correlation augmented by Al is agnostic to indications, indepen-
dent of disease mechanisms and accommodates the unique phys-
iology of the treated subject.13846:54-56]

In this study, we are interested in exploring whether systemic
diversity exists in genomic homogeneous rat with colon can-
cer induced by genomic homogeneous CRC cell line. In addi-
tion, we want to demonstrate that PRS platform can individually
optimize the combinatorial regimen for each rat with systemic
diversities. Five rats (Crl: NIH-Foxn1™, Charles River) were
inoculated with HT-29 colon cancer cells. Conventional combi-
nation therapy is typically designed by selecting drugs to simul-
taneously address multiple aberrant targets and is believed to
better mediate treatment outcomes compared to monotherapy.
Unfortunately, response rates of combinatorial chemotherapy for
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oncology (e.g., gastrointestinal) have been only ~25%.%] When
the five subjects are treated by AGCH regimen at the same cal-
ibration regimen, ¥4 MTD, the tumor response rates of the sub-
jects were highly variable. In fact, only 1 out from 5 rats, IOR4,
exhibited a favorable tumor treatment response (Figure 2d). Sys-
temic diversity does appear despite the rats and the cancer cell
line being genetically homogeneous. We actionably captured the
optimal drug-dose parameters required to continuously identify
the individually optimal regimen that ultimately leads to a uni-
form collapse of the tumor size across the full IOR cohort (Fig-
ure 2e,f). Itis interesting to note that many drugs of IOR regimen
had doses as low as 20% of the %4 MTD dose while the regimen
had optimal efficacy (Table S4, Supporting Information).

In addition, when the IOR doses of same drug were averaged
across different rats, the population-averaged IOR regimen is
about 0.65 x (Y4« MTD) (Table S4, Supporting Information). In
order words, population-averaged IOR treatment ignoring the
systematic diversities will not achieve uniformly low tumor re-
sponse rate. Most importantly, the features of all IORs having
very different dosing patterns (Table S4, Supporting Information)
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demonstrate that simply increasing the number of test sub-
jects may not serve as an actionable strategy to improve the
population-wide treatment response. The nonlinear quadratic
and interaction terms play major roles in determining the per-
formance in the combinatorial regimen (Figure 6). This fact dic-
tates that the conventional additive approach of developing drug
combination deems to have low successful rate.

Synergism is generally assumed to be universal among the
population and is the reason for combinatorial therapy being
more effective than monotherapy. However, AI-PRS optimiza-
tion showed that synergism/antagonism is not universal across
the subject population (Figures 5 and 6). Interesting enough, the
combined drug-drug interactions of IOR1, 2, 3, and 4 were syner-
getic, but IOR5 was antagonistic (Figure 6). Furthermore, IOR5
has the tumor response rate that is close to that in the control
group (Figure 2d). IOR 3 also had high tumor response rate about
the same as that of the control group (Figure 1d) as all the drug—
drug interactions of IOR3 are close to zero from day 7 to day 13
(Figure 4).

During both ¥4 MTD and IOR treatments (Figures 3, 4 and 6),
not only is drug synergy subject specific at a given point in time, it
can also change over time in the same subject (Figure 6). We have
shown this to be true in a prospective clinical immunosuppres-
sion study as well.5* Furthermore, AI-PRS platform showed that
minimizing the sum of the experimentally defined linear, inter-
action, and quadratic terms that defined the drug combination, in
a continuous fashion, was required for dynamic global optimiza-
tion. Hence, using AI-PRS to dynamically reconcile challenges
such as dose and time dependence, as well as subject-specific
physiology played a major role in determining the optimal com-
position of combinatorial therapy.

In fact, the systemic diversities do develop from the geneti-
cally homogeneous as evident by each rat having very different
dosing patterns. Nevertheless, the PRS-platform-derived IOR can
converge all the rats to have uniform tumor response. This aug-
mented AI-PRS platform is model independent, and can be ap-
plied toward virtually all classes of drugs, having been previously
validated for indications ranging from infectious diseases to clini-
cal immunosuppression and regenerative medicine.?53848-52) Fy.
ture studies harness this platform to agnostically design novel
drug combinations for subsequent individualization. In sum-
mary, augmented AI-PRS successfully reconciled a highly dy-
namic and individualized parameter space, leading to uniformly
enhanced therapeutic response rates.

The primary objective of this work was not to harness Al to
optimize drug selection. We have recently achieved this in pre-
vious publication.l®”] The objective of this study was to demon-
strate that: 1) dosing alone can be the difference between efficacy
and no efficacy individuals between the same diseased model
animals, and 2) dynamic dosing is an important element of sus-
tained optimization in oncology treatment.’”! Conventional com-
bination therapy design is based on perceived drug interactions
and the objective of achieving drug synergy. This work further
shows that this is a dynamic process, and is also dose depen-
dent. Hence, this study is not seeking to implement the four-drug
combo necessarily as a new standard combination. Instead, it
demonstrates that fixed combination design and treatment based
on purely mechanistic or synergy-driven factors is not sufficient
to drive sustained treatment response.
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4. Experimental Section

4.1. Rat Model

Ten rats (Crl:NIH-Foxn1™, Charles River) were randomly distributed into
two groups, the control group (C1,C2, C3, C4, C5) and IOR group (IOR1,
IOR2, IOR3, IOR4, IORS). Each rat was inoculated subcutaneously at the
rear right flank with HT-29 colon cancer cells (1 x 108) in 0.1 mL of
PBS to induce tumor formation according to an established protocol.[63]
3 weeks after tumor inoculation (designated as day 0), C4 and C5 were
removed from the study due to early mortality unrelated to treatment.
Note that the nude rats were purchased from Charles Rivers and shipped
oversea. After such a long travel with shipping stress, two of the immune
incompetent rats were weak and died several days after arrival. The IOR
group received four treatments on day1, day7, day14, and day 24 (Table
S2, Supporting Information). On day 1 and day 7, the IOR group was
treated with the J4 MTD regimen, which consisted of 1.5 mg kg’1 cisplatin,
1.5 mg kg~" adriamycin, 82.7 mg kg~ herceptin, and 30.0 mg kg~' gem-
citabine (Sigma-Aldrich, Tables S1 and S2, Supporting Information). The
data obtained from the rats in control group (solvent-containing group)
were used as baseline/background reference for deduction. The data ob-
tained from experimental rats subtracted the baseline reference will then
be used for further analysis. The tumor size was measured via optical
Vernier. The tumor size and drug plasma concentration were measured
in the first 64 h (Figure S4, Supporting Information) and every day for the
first seven days (Figure S5, Supporting Information). On day 14 and day
24, each rat in the IOR group was treated with the IOR, which was de-
termined by the PRS platform with serum drug doses and tumor sizes
measured from day 1to day13 (IOR1 shown in Table S5, Supporting Infor-
mation). The tumor sizes for all of the rats were continuously monitored
until day 30 (Figure 1a,b).

4.2. Individually Optimized Regimen Determined by PRS
Platform

According to the PRS equation (Equation (1)), a minimum of 15 tests with
different drug-dose ratios were needed to determine the 15 coefficients.
During the first 13 days, all of the five IOR rats were treated with the %4 MTD
regimen. Based on the area under the cure of drug plasma levels and corre-
sponding tumor sizes for each rat (Figure S6a—d, Supporting Information)
and the measured tumor sizes (Figure S6e, Supporting Information), 15
data sets were generated from the 13 day’s measurements with the help of
interpolation. The information was used to determine the PRS coefficients
for all IOR rats (Table S3, Supporting Information). After the coefficients
of PRS equation being determined, the IOR doses administered on day 14
day 24 of the 5 rats that mediate optimal tumor response were listed (Ta-
ble S2, Supporting Information). The tumor sizes of the IOR group were
recorded until day 30 (Figure 1).

The computer codes used to determine the coefficients of the quadratic
algebraic equation for fitting the PRS surface are available in MATLAB.

4.3. Safety Study

Blood samples were collected in 10% heparin from the retro-orbital vein
and diluted in an equal volume of PBS containing 0.5% bovine serum
albumin (BSA). Neutrophils were washed in PBS containing 0.5% BSA,
counted, and re-suspended using an IDEXX ProCyte Dx hematology an-
alyzer (IDEXX Laboratories Inc., Westbrook, ME, USA), according to the
manufacturer’s protocol (Figure S3, Supporting Information).

4.4. Statistical Analysis

The IOR cohort was statistically examined using nonlinear least-squares
regression. MATLAB software was applied to examine the statistics using
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the fitnIm function. The results of the statistical analysis of rat IOR4 were
discussed and plotted in Figure S7, Supporting Information. The com-
puter codes used for the statistical analysis are available in MATLAB.

Supporting Information

Supporting Information is available from the Wiley Online Library or from
the author.
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