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Abstract

Combination treatments have been of increasing importance in drug development across ther-
apeutic areas to improve treatment response, minimize the development of resistance, and/or
minimize adverse events. Pre-clinical in-vitro combination experiments aim to explore the po-
tential of such drug combinations during drug discovery by comparing the observed effect of
the combination with the expected treatment effect under the assumption of no interaction
(i.e, null model). This tutorial will address important design aspects of such experiments to
allow proper statistical evaluation. Additionally, it will highlight the Biochemically Intuitive
Generalized Loewe methodology (BIGL R package available on CRAN) to statistically detect
deviations from the expectation under different null models. A clear advantage of the method-
ology is the quantification of the effect sizes, together with confidence interval while controlling
the directional false coverage rate. Finally, a case study will showcase the workflow in analyzing

combination experiments.

1 Introduction

Combination therapy, a treatment modality that combines two or more therapeutic agents, is of

growing importance in drug development across multiple therapeutic areas. Co-administration of
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compounds may be necessary to account for disease complexity and increase efficacy while poten-
tially reducing drug resistance, and/or minimizing adverse events. Consequently, combinations of
compounds are routinely screened in pre-clinical in-vitro experiments to identify the most effective
drug combinations.

The establishment of a methodology to quantify the presence of synergistic or antagonistic effects
is of critical importance. Such an assessment typically relies on the dose-response curves of individual
compounds, called monotherapies. Synergy or antagonism is detected when the observed response
of a drug combination is different from the expected treatment response under the assumption
of no interaction (i.e., the null model) such that the direction of deviation determines synergy or
antagonism. The expected treatment responses are derived solely from the monotherapies. Several
null models, including Highest Single Agent (HSA) [1], the Bliss Independence Model [2] and the
Loewe additivity model [3] have been proposed in the literature without an agreement on the most
suitable choice [4]. The models differ on the assumptions of expectation under no interaction and
thus, can differ on the conclusions about the detection or degree of synergy/antagonism. For the
remainder of this tutorial paper, without loss of generality, we will focus on synergistic effects.

Many software packages, relying on the above concept, often referred to as deviance assessment,
have been published. Alternatively, one can perform some parametric modelling of a synergy index
[5L 6] which is out of scope for this tutorial paper. Table[l|shows an overview of deviance assessment
software packages frequently used in the pharmaceutical industry. To the best of our knowledge the
details of the software packages are correct; however, we were unable to test these software packages

and we extracted the details from publicly available documentation.

Table 1: Overview of deviance assessment software packages.

Statistics reported

Software package Accessibility Monotherapy Null Models Overall Individual contributions
SynergyFinder Free 4PL, LOESS or LM HSA, Bliss, Loewe, and ZIP Point estimate (sd) Point estimate (sd)
SynergyFinder Plus Free 4PL, LOESS or LM HSA, Bliss, Loewe, and ZIP Point estimate Point estimate

" g p-value CI (normal bootstrap)
MacSynergy” Free No Bliss Point estimate Point estimate (sd)
Genedata Screener®  Commercial 4PL, 3PL, 2PL HSA, Bliss, Loewe Point estimate Point estimate
CombencFit Free 3PL (b'=1) HSA, Bliss, Loewe Point estimate Point estimate

p-value
Chalice” Commercial 3PL HSA, Bliss, Loewe and Boost  Point estimate (sd) Point estimate (sd)
Point estimate Point estimate

BIGL Free 4PL, 3PL, 2PL HSA, Bliss, Generalized Loewe? CI (wild bootstrap) CI (wild bootstrap)

p-value p-value

b represents the lower asymptote.
2The Generalized Loewe null model allows for partial response of the monotherapy data.

4PL, 3PL, 2PL are abbreviations for four-, three- and two-parameter logistic regression, respectively. LM is an abbreviation for linear model. CI is an abbreviation for confidence interval.

Most software packages start with modelling the monotherapy data using a dose-response re-
lationship (e.g., 4-parameter logistic regression). The modelled monotherapy data are then used

to predict the expected treatment effects under a specified null model. MacSynergy " [7] uses the
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observed responses to predict the expected treatment responses. Next, the divergence of the ob-
served responses from the expected treatment responses are summarized in synergy scores as excess
responses. For any statistical analysis, it is important to evaluate the point estimate (i.e., excess
response) relative to the variability of the data expressed as either a confidence interval (CI) and/or
p-value. Genedata Screener®, Chalice”, MacSynergy' , and SynergyFinder [8H10] are reporting the
excess responses together with observed standard deviations for the latter three. The excess re-
sponses in the individual combination points are further summarized as an overall excess response
and is often evaluated using a threshold. Routinely, this threshold is not subjected to any hypothesis
testing. Failure to evaluate the excess response(s) relative to either Cls or p-values increases the risk
of reporting false synergies (i.e., false positives); the rate of these false positives (error rate) should
be controlled. SynergyFinder Plus |11], which is an updated version of the original SynergyFinder,
recently added a bootstrapping approach to retrieve Cls around the excess responses to reduce the
risk of false positive calls, a procedure similar to the Biochemically Intuitive Generalized Loewe
(BIGL) implementation [12]. Combenefit [13], alternatively, performs a one sample T-test on the

excess responses, whereas BIGL uses an F-test.

The remainder of this tutorial paper will describe important design aspects of drug combination
experiments, describe proper statistical evaluation using the BIGL R package |14], and explain the
different assumptions of the underlying null models. The BIGL R package was chosen for its ability

to:

1. Incorporate several widely used null models, including HSA, Bliss, and Loewe while allowing

for partial response of the monotherapy data.
2. Provide flexibility on the monotherapy dose-response models.

3. Perform statistical testing with error rate control, while relaxing distributional assumptions

via bootstrapping.

4. Provide effect size estimates (i.e., excess responses), for each combination point and an average

effect size, and their confidence intervals.

Lastly, a case study will be presented to illustrate the use of the BIGL R package and how to

interpret the results and visualizations from the BIGL R package output.

2 Experimental design

Prior to performing any combination experiment involving two or more monotherapies, experiments
should be performed in which the monotherapies are profiled under the same conditions of the combi-
nation experiment (e.g., assay, cell line, E:T ratio, incubation time, etc). Profiling the monotherapy
is in the form of a dose-response relationship which describes the magnitude of response as a func-
tion of dose. This dose-response relationship can be described by dose-response curves and can be
mathematically modeled using either a 4-parameter logistic (4PL), 3PL, or 2PL regression model
[15].
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The 4PL regression model is defined using four parameters that are related to the graphical
properties of the curve, i.e., lower asymptote (b), upper asymptote (m), inflection point (ECsg), and
hill slope (h). These four parameters can be used to express the magnitude of response f, given

dose, d, as
(m —b)

Parameters of the 4PL regression model can be fixed. For example, for a particular assay, the

fld) =b+ (1)

absence of any compound elicits no response. One may then fix the lower asymptote of the 4PL
regression model to zero. Often, the 4PL regression model with fixed lower or upper asymptote is
referred to a 3PL regression model. Fixing an additional parameter (e.g., hill slope) would create a
2PL regression model.

Accurate estimation of the 4PL model parameters is paramount since prediction of the combined
treatment responses, assuming no interaction, are estimated using the 4PL monotherapy model
parameters. Accurate estimation of these parameters is dependent on the doses selected and the
magnitude of responses they elicit. The entire sigmoidal pattern of the monotherapy curve should
be covered with the selected doses. A recommendation of the ideal spread of doses is provided in
Figure 1, with 2 points at each of the asymptotes and 3 points on the linear part of the curve.
Depending on the hill slope of the monotherapy curve, a certain dilution series should be chosen to

follow the above recommendation, which is in line with published guidelines [16].
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Figure 1: Ideal dilution series with 7 doses.

After choosing the desired doses of the monotherapies, the combination experiment needs to
be set up, with two common designs being applied, the ray (dose gradients) and the checkerboard
(factorial) designs. The ray design uses fixed ratios of doses while the checkerboard crosses two sets

of doses. Examples are given in Figure [2a] and 2b| for the checkerboard and ray design, respectively.
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For the ray design, it is typical to fix the dose titration of one of the monotherapies and multiply
the concentrations of the fixed doses by a scalar to get desired ratio for a ray. As such, ray designs
tend to have the same number of titrations for each monotherapy and require the scientist to create
additional dilutions of one of the monotherapies for each specified ray. Ray designs can be an efficient
use of resources and exploration of a set of ratios; however, prior knowledge is often required for
proper selection of the rays (drug ratios).

The checkerboard experimental design is a more comprehensive design when prior knowledge
is limited. The checkerboard design is a factorial design in which the doses of the monotherapies
are crossed with each other. As such, the checkerboard design explores many ratios; however, the
number of titrations for each ratio is limited (due to design) excluding the 1:1 ratio (i.e., typically the
diagonal of the checkerboard). Furthermore, only a single set of dose titrations for each monotherapy
is required; however, the checkerboard design tends to require more plate real estate than the ray
design. Lastly, the checkerboard is limited to pairs of monotherapies whereas the ray design can
more easily be scaled to triple-, quadruple-, etc., drug combinations.

In summary, we recommend the checkerboard design for the discovery phase of drug development
when prior knowledge of biological mechanism is limited, as it’s easier and more convenient requiring
just one set of dose titrations for each monotherapy. However, when prior knowledge is available,
the ray design is highly valuable, offering targeted insights. Additionally, the ray design allows dose
response curves to be fit and compared to each ray at the expense of additional laboratory labor,

i.e., each ray requires a unique set of dose titrations.

J) =1 075
[0} (0] o] Q @]

Compound A
Compound A

Compound B Compound B

(a) (b)

Figure 2: Drug combination designs. The dots indicate the tested doses of compounds A and B @
Checkerboard design. @ Ray design.

Please note that as with any in-vitro experiment, sufficient control wells should be included to
access the quality of the assay. This topic is beyond the scope of this tutorial, and we recommend
using established guidelines within your organization.

Regardless of the chosen design, the BIGL methodology provides a harmonized framework to
analyze drug combination experiments through statistical evaluation of the differences between the

expected and observed responses. To estimate variability, replicates of both the monotherapy and
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the combination data are required. We currently recommend a minimum of 4 replicates to have an
accurate estimation of the observed variability and sufficient power to detect excess responses (sup-
portive information). Furthermore, if the experimental condition requires evaluation of donor effects
(e.g., biologics), we recommend against using donors as replicates due to the increased variability.

Instead, we recommend replicates within donor and analyzing the donors separately.

3 Methods

Since the BIGL methodology can be categorized as a deviance assessment methodology, a general

workflow to detect synergy can be followed:
1. Fit the dose-response curves for the monotherapies.
2. Predict the responses for the combinations using the chosen null model.

3. Estimate the effect sizes, together with Cls.

Fitting monotherapies

The BIGL R package offers flexibility in how the monotherapy dose-response relationships are
modelled. The default implementation models the monotherapies using 4PL regression models with
a shared asymptote. Depending on whether the monotherapy dose-response curves are increasing
or decreasing, either a common lower asymptote or upper asymptote, respectively, is assumed for
both drugs. The BIGL R package allows the lower asymptote, upper asymptote, and/or hill slope
parameter to be set to a fixed value reducing the 4PL to either a 3PL or 2PL regression model. Setting
a parameter to a fixed value must be done with caution and based on biological understanding.
Additionally, the BIGL R packages allows linear constraints on the 4PL parameters to facilitate the
monotherapy fitting. For instance, if the dose-response curve is decreasing, the minimum estimation

could be constrained to be above 0 for an improved biological interpretation.

Predicting expected combination response

The BIGL R package integrates three popular null models, each assumes its own underlying
mechanism, which characterizes the no interaction or the expected outcome under a combination
of drugs. The HSA quantifies the degree of synergy as the excess over the maximum monotherapy
response. Bliss independence assumes the drugs acted independently and synergy is evaluated as the
excess of the multiplicative effects of the single drugs. Loewe instead, is a dose-effect based model,
calculating the additive (i.e., no interaction) effects as if the single drugs where exchangeable (see
Table [2) resulting in an additive effect when the drug is combined with itself. It’s worth noting that
the true mechanism is often unknown and the described null models are often a simplification of the
underlying biology. Therefore, the choice of a particular null model should be informed by domain
expertise or results should be compared across null models. Implicitly, the null models assume the
same maximal responses of the two monotherapies used in the combination. This assumption is

often violated in practice. The BIGL R package relaxes this assumption through the use of the
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Generalized Loewe null model. Details of this approach are out of the scope of this tutorial but we
refer to Van der Borght 2017 and Thas 2022 for more information and additional alternatives. [12|
17].

Table 2: Overview of the null models.

Null model Assumption Formula

HSA Expected effect is highest effect of monotherapies fi2(dy,d2) = max(fi(dr), f2(d2))
Bliss independence | Drugs’ effects do not interfere with one another | fia(d1,da) = fi(d1) + fo(d2) — fi1(d1)f2(d2)

Loewe Two compounds have same mode of action

d A _
R

In Table |2} fi12(di,d2) or fia represents the response at the combination of dose d; for drug 1
and dose dy for drug 2. f;(d;) is the response at dose d; for drug i. f;*(x) is the inverse function of

fi(d;). It represents the dose of drug i that will produce a response of z.

Estimating effect sizes

The next step is the estimation of the effect sizes and their standard errors. The monotherapy
data will be referred to as the on-axis points and the combination data will be referred to as the
off-axis points. The effect size at off-axis point ¢ = 1,..., N is defined as the average deviation from

the expected treatment response under a null model,

n;

E; = Ti;(sz —R)) =R - R,
where R;; represents the observed response at off-axis point i for replicate j, n; represents the
number of replicates at point 4, R; is the sample mean of the observed responses at point 3, R; is
the estimated treatment response under the chosen null model at off-axis point 4, and N is the total
number of off-axis points. An overall effect size of synergy which is also named single effect measure
is defined as E = & Zi\il E;. With E! = (Ey,...,Ey) the vector of all effect size estimates, the

variance-covariance matrix of E can be written as|12] [17]
Y = Var(E) = 65C, + 0iD (2)

where 02 is the residual variance of the on-axis responses, o} is the residual variance of the off-axis
responses, D is a diagonal matrix with elements 1/n; (¢ = 1,...,N), and C, is the correlation
matrix of the expected treatment responses (]%1, ceey RN). Specifically, o3 is estimated as the mean
squared error of the 4PL regression model fitting to the monotherapy data. And o7 is estimated as
the average variance of each off-axis point % Yo j A?j such that 4;; = R;; — R;. If the assumption
of constant variance at the off-axis points does not hold, the variance 0% in can be replaced by

a diagonal matrix with model-based variances on the diagonal positions|12]. The correlation matrix
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C, is estimated by means of a bootstrap procedure. We outline the bootstrap procedure here in
some detail, because it is also needed in the next section.

The estimation of C,, is as follows:

1. Construct a bootstrap sample of on-axis observations. Specifically, resample the residuals from
the 4PL monotherapy regression with replacement. Add these resampled residuals to the fitted
values of the 4PL regression model creating a bootstrap sample. Using the bootstrap sample,

re-fit the monotherapeutic dose-response curves.

2. Based on the re-fitted dose-response curves, new estimates of the expected treatment responses

under the null model are computed for each off-axis point i: Rf for bootstrap replicate b.
3. Repeat steps 1 and 2 many times (e.g., 1000 times, B = 1000).

4. Calculate the sample correlation matrix of the B vectors (R’{, cee R?\,), denoted by Cp.

The sample correlation matrix C,, is an estimator of C,. The estimator of the covariance matrix
> can now be written as 3 = &8@1, + 63D. The square roots of its diagonal elements (denoted by
s;) are estimates of the standard errors of the effect sizes. The variance of the overall effect size is
given by Var(E) = Var (% Zivzl EZ) and can be estimated as ﬁltﬁl.

Controlling the directional false coverage rate

The original BIGL methodology [17] framed synergy detection in a classical multiple hypothesis
testing paradigm, by constructing hypothesis tests based on the effect size estimates, E;, and their
standard errors, s;, and by controlling the familywise error rate (FWER) at some nominal level.
Despite the correctness of this procedure and a positive empirical evaluation|12] we have replaced the
hypothesis testing method with a procedure that makes use of simultaneous confidence intervals to
control the directional false coverage rate (AFCR). Before defining the dFCR, we give two drawbacks
of the original approach: (1) controlling the FWER at 5% results in a very conservative detection
method (small sensitivity); (2) the results from this testing procedure do not always agree with
what would be concluded if confidence intervals were used instead. The first issue could have been
resolved by controlling e.g. the false discovery rate (FDR) instead of the FWER, and a solution to
the second problem could have been found in aligning the test and CI procedures. However, instead
we have chosen to develop a procedure that controls the dFCR.

First, we formally describe a generic method for synergy/antagonism detection based on con-
fidence intervals. Let [L;,U;] denote a confidence interval for the effect size at off-axis point i. If
0 ¢ [L;,U;], then we conclude that there is a synergistic or antagonistic effect. We will use the
notation 7; for the true effect size at off-axis point i (i.e., E; is an estimate of 7;).

The original definition of the FCR[18] can then be formulated as

FCR =E (i) : (3)



229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

where m is the number of off-axis points, and F' is the number of intervals among these m points,

that do not cover the true effect size 7;:

This FCR makes sense in selective inference, i.e. statistical inference after the data-driven selection of
a subset of parameters. However, in our context we want all confidence intervals to be interpretable,
we therefore change the definition from a conditional to a marginal interpretation. Based on very
early ideas of the concept of the FDR [19], we further adapt the definition towards a directional
FCR. Equation still applies, but now with

F=#{i:7 ¢ [L;, U] and d(L;, U;) # sign(7;)} (4)

where sign(7) equals 1 if 7 > 0, 0if 7 =0 and —1 if 7 < 0, and d(L,U) equals 1 if L,U > 0, 0 if
L <0and U > 0 and —1 if U, L < 0. In other words, F' counts the number of off-axis points for
which the conclusion (synergistic / antagonistic / no-effect) is wrong. This is illustrated in Figure
Thus, if the dFCR . is controlled at 10%, then, on average, 90% of the CIs either contain the true

effect size, or at least these Cls result in a correct (directional) conclusion.

Figure 3: Illustration of dFCR. The vertical lines represent confidence intervals and the dots are
the true effect sizes 7;. Left: intervals that contribute to F' in the definition of the dFCR. Right:
intervals that do not contribute to F.

For controlling the dFCR at a nominal level a, the lower and upper bounds L; and U; can be

found by means of the bootstrap procedure that was described earlier, but with two additional steps:

1. At each off-axis point i, a Wild bootstrap sample of n; responses is obtained as Rfj =R+

vl Ay, where v is randomly sampled from a distribution with stochastic representation

(o ) e 25) 20

with V4 and V5 two independent standard normal random variables, §; = 0.5(1/17/6 + 1/1/6)

and &y = 0.5(1/17/6 — 1/1/6)[20).
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2. Compute the averages of the bootstrap responses Ré’ = ni Sy RY. the bootstrap effect sizes

= 177

E? = R? — R? and their standard errors s?, for all off-axis points i = 1,..., N.

After the bootstrap procedure has finished, compute the following intervals for a sequence of S
constants t*, s = 1,..., S (e.g. 1, 1.1, 1.15, 1.2, ..., 2.95, 3): [LY(¢%), UP(¢*)], with

LY(t) = E? —ts® and Ul(t) = E? +tsb.

For each s = 1,...,5 and each b = 1,..., B, the number of directional false coverages F' can
be computed as in Equation (4); let F** denote this number. Averaging over the B bootstrap
runs, gives numbers F¥ = % Zszl Fsb and F* /m may be seen as an approximation of the dFCR if
threshold ¢°* was used for the CI calculations. Now find the smallest ¢* that still results in dFCR< a:
to, = min{t® : F'¥*/m < a}. This is the threshold used for the final calculation of the simultaneous
confidence intervals and it will result in the control of the dFCR at the « level. In particular, the

ClIs are computed as [L;, U;] with

Li = El — tasi and UZ = EZ +tasi.

Empirical evaluation of the methodology

The formal method for synergy testing, which aims at controlling the dFCR, deviates from what
was presented earlier in our papers [12,[17] and hence a thorough evaluation of the new methodology
is needed, particularly for an assessment in terms of dFCR control and sensitivity. Since this paper
is meant to be a tutorial, we have decided to move the details of the simulation study to supporting
information, and report here only the main findings. Briefly, the simulation settings are adopted
from the extensive simulation study of our previous work [12].

The results of the simulation studies demonstrate that our procedure succeeds in controlling
the dFCR at the nominal level, while showing a sensitivity that is generally larger than what was
obtained with our previous testing procedures (maxR and meanR). In the supporting information

we give a more detailed discussion on the simulation results.

4 Case study

We will illustrate the described methodology and present data visualizations for synergy analysis
using the BIGL R package and data from a drug combination experiment of direct-acting antivirals.
Data are from the directAntivirals sample dataset included in the BIGL R package, consisting of 11
drug combination experiments of direct-acting antivirals. To facilitate illustration, we will focus on
the 4" experiment. We refer you to the supplementary material for R code implementation.
Measurements from experiments following the designs above often need to be normalized to the
control wells. In this 4*" experiment, the controls are the wells with 0 dose of both drug A and drug
B. We chose to normalize the measurements by taking the ratio of each measurement to the average

measurements of the control wells. We will refer to the normalized measurements as responses.

10
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Fitting monotherapies

In the first step, the monotherapy curves for both drugs were estimated utilizing 4PL regression
models (see Figure [4)). Given the decreasing dose-response curves, a common upper asymptote
assumption was made when fitting the model to both drugs. The 4PL regression models fit the data
well (responses equally distributed above and below fitted line) and the sigmoidal patterns are well
defined (i.e., two points defining upper asymptote, two points defining lower asymptote, and three
points defining hill slope) with the selected doses. Notice that the lower asymptotes of Drug A and

Drug B are not equal indicating a need for the Generalized Loewe null model.

Drug A Drug B

Response

0.0+— T T T T T T T T
0.1 1.0 10.0 100.0 0.0001 0.0010 0.0100 0.1000 1.0000

Dose

Figure 4: Monotherapy dose-response curves from direct Antivirals dataset (BIGL R package), exper-
iment 4. The y-axis is the response (normalized measurement) and the x-axis is the logarithmically
transformed dose.

Predicting expected combination response

The expected responses for the chosen null models were calculated at all dose combinations,
based on the estimated monotherapy dose-response curves. For illustration purposes, we used three
different null models (the HSA, the Bliss, and the Generalized Loewe), enabling a sensitivity analysis
of the different assumptions. In Figure [5] the observed and expected responses for the selected null
models were visualized with stratifying the response surface by Drug A dose, creating a 2-dimensional
trellis plot (the BIGL R package allows either Drug to be used as the stratifying variable). In this
experiment, for a particular dose combination, points below the expected response are in the direction
of synergy and points above the expected response are in the direction of antagonism. Furthermore,
each null model has different underlying assumptions, as such, each null model predicts different

expected treatment responses which is clearly visible in trellis 2 (top right facet).

11



298

299

300

301

302

303

304

305

306

307

308

309

310

311

312

313

Model — Bliss — Generalized Loewe — HSA

0.12 0.49 2

1.004
0.754
0.50+
0.25 4
0.00

7.8 31 130

w 1.004
2

S 0.751
2050

]
o 0.254
L]

0.00

0.02 4
0.06 ¢
0.2

0.0002- o
0.001 -«
0.004 -«

0.0002 @
0.001 -0
0.004 -

0.02
0.06
0.2

1.004
0.75
0.50
0.25 4
0.00

0.0002
0.001
0.004

0.02
0.06
0.2

Dose (Drug B)

Figure 5: 2-Dimensional stratified predicted response surface plot, stratified by Drug A dose. The
points are the observed responses whereas the colored lines are the expected responses derived from
the different null models. The panels correspond to dose levels of drug A and the x-axis shows the
dose levels of drug B.

Estimating effect sizes

The BIGL R package provides a plot to visualize the effect sizes along with the corresponding
confidence intervals for the null models of interest. Simultaneously, the plot allows users to visualize
the synergy or antagonism calls by color. Figure [6] represents the effect sizes and corresponding
CIs under the Generalized Loewe null model. In particular, a square highlighted in light blue
represents a synergy call at the corresponding dose combination. Should antagonism been detected,
the corresponding combination would have been highlighted in light pink. For example, synergy was
detected at the combination of 2, 0.016 (i.e., dose of Drug A = 2 and dose of Drug B = 0.016). The
observed response at this combination was 0.198 units lower than the expected response derived from
the Generalized Loewe null model with a 95% confidence interval of (-0.284, -0.111). In addition,
synergy/antagonism calls can also be presented in a bi-dimensional contour plot (see Figure . The
size of the point in the bi-dimensional contour plot represents the magnitude of the effect size. As
in Figure [6] the color of the bi-dimensional contour plot indicates the direction of deviance and 0
was not included in the 95% CI. The BIGL R package also allows for these data to be displayed in
a table format (supplementary material). All confidence intervals simultaneously control the dFCR
at 5%.
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Figure 6: Effect sizes with simultaneous 95% confidence intervals (controlling the dFCR at 5%).

Synergy calls are highlighted in light blue.
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Figure 7: Contour plot. Synergy calls are highlighted in blue. The size of the points are relative to
the magnitude of the effect sizes.
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5 Discussion

The term synergy is used extensively to justify the potential of drug combinations. However, the
meaning of it is often obscured as multiple null models exist, with most frequently used ones described
in this tutorial paper. It is important, while evaluating the potential of combinations to keep the
assumptions in mind and report accordingly. The HSA null model is the most liberal one, and in a
technical sense not truly an evaluation of synergy as it only compares to the maximum response of
either one of the monotherapies. Nevertheless, it can be an important evaluation where one would
show the benefit of a combination versus a monotherapeutic effect. The other two null models, Bliss
and Loewe, evaluate a particular type of additive effect. The Bliss null model is often the most
conservative; however, the Bliss null model assumes the two drugs have a different mechanism of
action. All these approaches are overly simplistic in that they fail to capture the underlying biological
complexity. Hence, if no clear preference on the null model is present based on the assumptions, we
suggest to run the models in parallel and evaluate the synergy calls with the assumptions in mind.
Often, strong synergistic effects will be detected regardless of null model choice. When synergy
is detected only under the HSA null model, this means that the combination only produces an
increased effect when compared to a single monotherapy.

As mentioned before, it is important to evaluate the excess response versus the null models
considering the variability in the data as observed deviations can be due to inherent variability
of the experiment. Hence, our preference goes to methodologies evaluating the variability in the
data, and not based on arbitrary thresholds (see Table . Additionally, it is important to express
the excess response as an interpretable effect size. The latter made us shift from the maxR test
in BIGL [17] to reporting the effect sizes together with CIs while controlling the directional false
coverage rate (AFCR) as our default methodology. In an in-vitro screening setting, it is important
to control the proportion of false calls to avoid validating irrelevant hypothesis downstream while
keeping the sensitivity as high as possible. However, in these early screens, it is less crucial to have a
precise estimate of the excess itself, as the expected gain of the combination will likely be evaluated
downstream in more translatable experiments (e.g. in-vivo). This is why we chose to control the
dFCR. In an extensive simulation study, we have demonstrated that our testing procedure controls
the dFCR under a wide range of scenarios with acceptable sensitivity. To the best of our knowledge,
the evaluation of error rate control, specifically dFCR, which is most important in early stages, is
what discriminates BIGL from all other deviance methods described in literature; making it our
preferred method.

To maintain a reasonable sensitivity, while controlling the dFCR, it is crucial to minimize the
variability in the experiment which can be achieved during assay development and proper exper-
imental design. Firstly, a capture of the full dose response of the monotherapies is required with
sufficient data defining the hill slope. Often, the slopes are the areas where synergy could occur
as asymptotes generally represent either no or full effect. Synergy calls, in neighbouring sampling
points, are more convincing compared to singletons, as biologically, we expect some dynamic con-
centration ranges where compounds enhance each other. If variability can’t be further reduced by

identifying sources of variation and controlling key parameters in the assay protocol, it is crucial
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to have enough replicates to ensure correct estimation of the variability in the experiment. From
experience, we learned that 4 replicates of the full checkerboard is often sufficient. However, research
is ongoing to evaluate the required number of replicates that results in adequate sensitivity to detect
synergy.

As cancer research is an important field in the exploration of combination therapies and its
growing attention in immunotherapies, we feel there is a need to dig deeper in the nature of the
replicates. The immune compartment in these type of experiments is often introduced using hu-
man donor material. Hence, replicates in this setting, cannot be considered as technical replicates.
Replicates derived from biological donors tend to enlarge the variability seen in the experiments. It
is crucial to disentangle these different sources of variability. Currently, we are exploring if expec-
tations, based on chosen null models can be calculated within a donor and the excess responses can
be pooled between donors for statistical testing.

Finally, the proposed methodology can be extended to three- or four-drug combinations by having
one or both, respectively, of the monotherapies be a drug combination. Under this scenario, the
ECsgs of the monotherapy are less interpretable; however, the methodology remains the same and

the effect sizes still represent excess responses.
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Supporting information

Simulation Study

We have conducted a simulation study using the same methodology as in our previous work [12].
More specifically, we have implemented scenarios 2 and 3, with slightly different parameter settings:
the on-axis standard deviation og ranges from 0.05 to 0.2 and the numbers of replicates are 2, 3, 4
and 6. The results of the simulation study are also presented in the same way as in [12]: Appendix
S1. In this html file the complete set of parameter settings is provided.

The simulation results are evaluated in terms of several criteria. Most of them are the conven-
tional criteria: FDR, sensitivity, specificity, .... However, since we now aim to control the dFCR,
we have included a few extra criteria.

The positive predicted value (PPV) and negative predicted value (NPV) refer to the expected
proportion of true positive and true negative calls among the positive and negative calls, respectively.

More formally, using the notation in Section 3, the PPV is defined as

#{i:0¢[L;,U;] and 7; # 0}}

PPV = B { T

and the NPV is given by

#{Z :0e [Li, Ul] and 7; = 0}}

NPVZE{ #{i:0€[L;, U]}

We also introduced the concept of neighbouring in the evaluation of the method to better re-
flect a realistic use of the testing procedure. In practice the data analyst often looks at the dose
combinations in the (dy,dz) plane for which zero is not contained in the CI (i.e. the method gives
a synergy or antagonism call). Let us refer to such a point as a positive point. If such a positive
point is isolated in the sense that no neighbouring points are positive, then many researchers will
ignore this point and suspect it as a false positive. A neighbouring point is defined as a point that is
within a certain distance in the (di,d2) plane. For example, in a checkerboard design this distance
can be chosen such that all closest points along the horizontal, vertical and diagonal directions are
considered as neighbouring points. On the other hand, if a positive point has at least one positive
neighbouring point, then scientist are willing to believe that these are true deviations from additivity
and these points will be considered as strong positive calls. In the light of this reasoning we now
define the neighbouring PPV as

#{i:ie NT andTi;«éO}}

DPPVZE{ #{iieNT}

where Nt is the set of positive off-axis points that have at least one positive neighbour.

In a similar fashion the neighbouring false discovery rate (nFDR) is given by

#li:ieNT andT,;:O}}

HFDR:E{ #HiieNT}
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Finally, we included criteria related to power. We defined power3 as the probability to correctly

detect at least three synergistic points,
power3 = P {#{i: 0 ¢ [L;,U;] and 7; # 0} > 3}
and power_all as the probability to detect all synergistic points,
power_all = P {#{i: 0 ¢ [L;,U;] and 7; # 0} = #{r; # 0} }.

R Code
Load the packages that are needed to generate the results. Set seed to get the same results.

library (BIGL)
library (ggplot2)
library (dplyr)
set .seed (1)

A function to subset data to a single experiment and, optionally, select the necessary columns

only, and create the normalized measurements/responses.

subsetData <— function(data, i) {
subset (data, experiment = i)[, c(”effect”, "d1”, 7d2”)] %%
mutate (effect = effect / mean(effect [d1==0 & d2==0]))

Extract data of the 4" experiment.
data <— subsetData(directAntivirals , 4)
Step 1: Fit monotherapy dose-response models
mf <— fitMarginals (data, method = ”nls”, names = c¢(”Drug A”, "Drug B”))

Step 2: Predict expected combination responses using 3 different null models: the HSA, the Bliss
and generalized loewe, controlling the dFCR. at 5%.

rs <— list ()
rs [[” hsa”]]<—fitSurface (data, mf, null_model="hsa”, statistic="both”,
parallel=4, B.B=20, wild_bootstrap=ITRUE,
wild_bootType="normal” ,control="dFCR”)
rs [[” bliss”]]<—fitSurface (data, mf, null.model="bliss”, statistic="both”,
parallel=4, B.B=20, wild_bootstrap=IRUE,
wild_bootType="normal” ,control="dFCR”)
rs [[7 loewe”]]<—fitSurface (data, mf, null_model="loewe”, statistic="both”,
parallel=4, B.B=20, wild_bootstrap=IRUE,
wild_bootType="normal” ,control="dFCR”)
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Plot the monotherapy dose-response curves. (Figure 4)

plot (mf) + labs(x="Dose”, y="Response”)

Plot the 2-Dimensional stratified predicted response surface plot, stratified by Drug A dose.

(Figure 5)

synergy_plot_bycomp (rs, color = TRUE, plotBy = ”Drug A”,

xlab = "Dose (Drug B)”, ylab="Response”)

Make the plot of effect sizes with simultaneous 95% confidence intervals. (Figure 6)

plotConfInt (rs[[” loewe”]], color = ”effect —size”)

Make the contour plot. (Figure 7)

contour (rs [[” loewe”]], colorBy = ”effect —size”, digits=3, main = NULL)

Print the effect sizes for all the combinations

rs [[” loewe”]] $confInt$offAxis
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