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Improved analysis of in vivo drug
combination experiments with a
comprehensive statistical framework and
web-tool

Rafael Romero-Becerra 1,2 , Zhi Zhao 2, Daniel Nebdal1, ElisabethMüller 1,3,
Helga Bergholtz 1, Jens Henrik Norum 1 & Tero Aittokallio 1,2,4,5

Drug combination therapy is often required to overcome the limited benefits
of monotherapy in cancer treatment. While several tools exist for in vitro drug
synergy screening and assessment, there is a lack of integrated methods for
statistical analysis of in vivo combination experiments. To fill this gap, we
present SynergyLMM, a comprehensive modeling and design framework for
evaluating drug combination effects in preclinical in vivo studies. Unlike other
methods, SynergyLMM accommodates complex experimental designs,
including multi-drug combinations, and offers practical options for statistical
analysis of both synergy and antagonism through longitudinal drug interac-
tion analysis, includingmodel diagnostics and statistical power analysis. These
functionalities allow researchers to optimize study designs and determine an
appropriate number of animals and follow-up time points required to achieve
sufficient synergy and statistical power. SynergyLMM is implemented as an
easy-to-use web-application, making it widely accessible for researchers
without programming skills. We demonstrate the versatility and added value
of SynergyLMM through its applications to various experimental setups and
treatment experiments with chemo-, targeted- and immunotherapy. These
case studies showcase its potential to improve robustness, statistical rigor and
consistency of preclinical drug combination results, enabling a faster and safer
transition from preclinical to clinical testing.

In advanced phase cancers, the efficacy of monotherapies is often
limited by the development of drug resistance to chemo-, targeted-, or
immunotherapies1,2. In this context, drug combinations offer a pro-
mising solution to monotherapy resistance, and various classes of
combinations are currently being evaluated in numerous clinical

trials3. Cooperative or synergistic drug combinations can arise from
various mechanisms, such as blocking compensatory feedback
mechanisms, inhibiting complementary immunological processes, or
targeting distinct subpopulations within heterogeneous tumors,
among others1. Since the number of possible drug combinations vastly
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exceeds what can be tested clinically, preclinical models are the key
first step toward testing interaction mechanisms and identifying
potential therapeutic combinations. In vivo animal models—particu-
larly mouse models such as patient-derived xenografts (PDXs)—are
especially valuable for the identification of safe and effective drug
combinations. Compared to in vitro cell line models, in vivo animal
models better capture tumor heterogeneity and mimic tumor mole-
cular features and treatment responses1,4. However, in vivo models
often demonstrate substantial heterogeneity in treatment effects
among animals, which, while closely reflecting clinical outcomes,
poses challenges for accurate evaluation of treatment responses.

Currently, there is no established community-wide standard
method to quantify synergy in preclinical cancer studies, but rather,
researchers use various statistical and non-statistical approaches. The
situation is similar to human clinical studies, where a number of pro-
posed models exist to distinguish between drug interactions resulting
in additivity, synergy or drug independence5, and to assess whether
clinical benefits of approved drug combinations are due to additive or
synergistic effects6. However, as yet, no general consensus on the
definition and reporting of drug combination synergy exists7. Even in
multi-dose combination studies in cancer cell lines in vitro, several
drug combination synergy scoring approaches and definitions are
being used, suchasBliss independence8, response additivity (RA)9, and
highest single agent (HSA)10 model, each formulated under different
assumptions, andwhichmay lead to rather different interpretations of
synergy11. In the absence of a commonly accepted synergy definition in
animal studies, the researchers may easily become biased toward the
selection of a synergy scoring approach that best supports their
hypotheses. Such a selection bias reduces the consistency between
combination studies, leads to delays in the discovery of true syner-
gisticdrug combinations, andmaynegatively impact the translatability
of combination discovery efforts.

In in vivo treatment experiments, it is critical to consider the
longitudinal nature of tumor growth measurements in the statistical
analyses of treatment effects12. Still today, most animal studies use
single endpoints at a prespecified time, together with simple statistical
tests, such as t-test or its variants13,14. However, such approaches may
lead to lower statistical power, since they cannot leverage the dynamic
information of the longitudinal tumor growthmeasurements. Narayan
et al.13 further quantified the in vivo effects of drug combination using
the median effect principle by Chou and Talalay15 to calculate the
combination index (CI), which requires testing multiple drug dose
levels to generate dose-effect curves. While this approach is widely
used for in vitro combination discovery, it does not account for the
specific aspects inherent to in vivo studies, such as lack of multiple
doses, variability between individual mice, and the longitudinal
structure of the data, among others12. Recently, more rigorous statis-
ticalmethods have been developed16–21, such as publicly available tools
CombPDX20 and invivoSyn21. Even though these methods offer a clear
advantage compared to the traditional analysis of in vivo combination
experiments, they each come with important limitations (Table 1).

To fill these gaps, we developed a comprehensive statistical fra-
mework for analyzing in vivo drug combination experiments in animal
models. The framework is based on using either exponential or
Gompertz tumor growth kinetics and a (non-)linear mixed model
(LMM), which effectively captures both the inter-animal heterogeneity
and dynamic changes in the combination effects estimated from
longitudinal tumor growth experiments. The SynergyLMM method is
implemented as an R package and also deployed as an easy-to-use
interactiveweb-tool (available athttps://synergylmm.uiocloud.no/) for
those users without programming skills. In this study, we demonstrate
the unique benefits of SynergyLMM and show how it enables the
identification of statistically significant and pharmaceutically mean-
ingful combinatorial synergies and antagonistic effects, as demon-
strated in selected preclinical application cases and datasets. These Ta
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case studies cover several experimental settings and treatment classes
of chemo-, targeted-, and immunotherapy, and show that careful
interpretation of the identified synergy and antagonism patterns at
various time points is essential for avoiding false positive and false
negative findings. The SynergyLMM approach enables drug combina-
tion discovery with higher confidence, reproducibility, and interpret-
ability, and we expect it will support many exciting applications of
combinatorial discovery and clinical translation.

Results
Overview of the SynergyLMM framework
The SynergyLMMworkflow for the assessment of combination effects
in vivo drug combination experiments involves five main steps (Fig. 1).
The input data consists of longitudinal tumor burden-related mea-
surements in various treatment groups and control (treatment-naive)
animals (Fig. 1a). In most applications, this would be tumor volume
measurements at different time points, but the input data can be any
measurement that reflects the tumor burden or the number of can-
cerous cells, such as luminescence signal. For each animal, the tumor
measurements are normalized against the treatment initiation time
point to adjust for the variability in initial tumorburden across animals.
These data are then used to fit a linear mixed effect model in the case
of the exponential model, or a non-linear mixed effect model in the
case of the Gompertz model, for describing the tumor growth
dynamics and to estimate the growth rate parameters for each treat-
ment group (Fig. 1b). Once the model is estimated, the SynergyLMM
framework provides several tools for its statistical diagnosis to check
how well the model fits the data, along with several functions to
identify potential outlier observations and highly influential subjects in
the observed data (Fig. 1c).

Based on the well-estimated mixed effect model, time-resolved
synergy scores (SSs) and CI for the drug combination effect can be
estimated. The SynergyLMM method supports the use of various
synergy scoringmodels, such as Bliss independence, HSA, and RA (see
“Methods” for details), accompanied by uncertainty quantification and

statistical assessment of synergy and antagonism (p values) (Fig. 1d).
Finally, the SynergyLMM method also provides guidance for the
experimental design and calculation of the statistical power of the
synergy analysis, including post-hoc power analysis of completed
experiments, and a priori power analysis for a new experiment, which
enables investigation of the effect of various experimental factors,
such as sample size and number and frequency of measurements
(Fig. 1e). To assist end-users, a detailed guideline document—covering
topics such as reference model selection, model diagnostics, and
results interpretation—is provided as Supplementary Information S1.
The following sections demonstrate the unique benefits of the Syner-
gyLMM method in various experimental setups and study questions.

Time-resolved evaluation of synergy and antagonism with
SynergyLMM
To test and validate the SynergyLMM method for time-dependent in
vivo synergy evaluation, we reanalyzed the drug combination experi-
ments fromNarayan et al.13 (Fig. 2).We first reanalyzed the results from
the U87-MG Fluc-Mcherry (FM) orthotopic glioblastoma model and
Docetaxel + GNE-317 combination (Fig. 2a). The SynergyLMM analysis
showed a significant synergy under the HSA model, but not enough
statistical evidence to reject additivity under the Bliss model (Fig. 2b
and Source Data S1). This also contrasted with the results obtained by
the authors using the median-effect principle, which pointed to a
synergistic effect. This demonstrates the importance of choosing the
appropriate synergy referencemodel that is compatible with the drug
combination under investigation.

Interestingly, the SynergyLMMresults for the Imatinib +Dasatinib
combination in the BV-173-Gluc leukemia model (Fig. 2c) showed
opposite results with the Bliss and HSA models (Fig. 2d and Source
Data S1). While the HSA analysis indicated a significant synergy at each
timepoint, the Bliss synergy results indicated anantagonistic effect for
most time points (Fig. 2d). This is due to the strong monotherapy
effect that each individual drug alone hadon tumorgrowth. Therefore,
the expected drug combination additive effect by the Bliss model is
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Fig. 1 | Overview of the SynergyLMM workflow. a The first step involves
uploading the longitudinal tumor burden-related measurements for the different
treatment groups. The input consists of a tabular data in long formatwith at least 4
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measurement, the treatment group, and the tumormeasurement. b The input data
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d Once a proper model with satisfactory diagnostics has been obtained, the sta-
tistical assessment of combination effects is performed, with a time dependent
estimationof the synergy score and combination index, alongwith their confidence
intervals and statistical significance. The method allows for testing synergy using
three reference models: Bliss independence, highest single agent (HSA), and
response additivity (RA). e SynergyLMM implements versatile functions to calcu-
late the post hoc power of the experiment and the a priori power by modifying the
values of key experimental variables, such as sample size, follow-up time, or fre-
quency of the measurements.
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higher than the observed combination effect, resulting in an antag-
onistic effect for the drug combination. Similar results were obtained
in the melanoma model CHL1 FM and CGP-082996 +Gemcitabine
combination (Fig. 2e, f). TheHSA synergy results indicated a significant
synergy at several of the early time points, which was lost at the final
time points, where more variability in the tumor measurements was
observed, and combination additivity couldnot be rejected (Fig. 2f and
Source Data S1).

Finally, the SynergyLMM analysis of the drug combination
AZD628 +Gemcitabine in the triple-negative breast cancer cell model
MDA-MB-231 FM (Fig. 2g) supported the conclusions of the authors by
showing a significant synergistic effect at multiple time points when
using both the Bliss and HSA synergy models (Fig. 2h and Source
Data S1). However, the SynergyLMM results obtained with the Bliss
model revealed differences in the synergistic effects across time
points, and more accurately reflected the tumor growth pattern in the
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combination group, with a stronger effect at the initial timepoints that
is gradually reduced at the later time points (Fig. 2a).

The model diagnostics indicated that the model assumptions
were largely satisfied across all the experiments (Supplementary
Fig. 1). For U87-MG FM and BV-173 Gluc data, the exponential growth
model offered the best diagnostics and performance metrics. In
contrast, the Gompertz growth model was selected for the CHL-1 FM
and MDA-MB-231 FM data. For the CHL-1 FM experiment, the Gom-
pertz model offered the best model performance metrics, while the
exponential growth did not properly explain the tumor growth and
showed evident violations of the model assumptions in the diag-
nostic plots in the case of the MDA-MB-231 FM dataset. A degree of
small deviations from the normality of the random effects were
observed in the MDA-MB-231 FM and U87-MG FM experiments, likely
due to potential outlier measurements that might deserve further
analysis. Additionally, plots of observed versus predicted values
supported the adequacy of the models in explaining the longitudinal
data (Supplementary Fig. 2).

As mentioned in the user guidelines document, differences in the
tumor volumes between groups at the moment of treatment initiation
might affect the final results (Supplementary Information S1). We
evaluated whether there were differences in baseline tumor volumes
that could have influenced the outcomes (Supplementary Fig. 2e). We
found significant differences in the baseline tumor volume between
groups in the melanoma model CHL1 FM. Hence, the results obtained
from the analysis of this experiment should be interpreted with cau-
tion, since the differences in baseline tumor volume could have had an
influence on the treatment response. To avoid such potential pro-
blems, we recommend a careful selection of tumor size windows at
treatment initiation to ensure comparability across groups (Supple-
mentary Information S1).

Taken together, these results support the value of SynergyLMM
for time-dependent drug combination evaluation, allowing not only
the statistical identification of synergy but also antagonism, something
that is missing in the existing synergy analysis methods. These results
also demonstrate the importance of selecting an appropriate tumor
growth and synergy model based on the combination experiment
under evaluation.

SynergyLMM enables the identification of influential subjects
In addition to providing a variety of tools for model diagnostics that
enable testing of model assumptions, SynergyLMM also offers several
options to identify highly influential subjects (animals) in the experi-
ment. These options include detecting subjects with a substantial
impact on the fitted values, as well as identifying those subjects with a
significant influence on the estimation of control and treatment group
fixed effects. Both options are based on the calculation of Cook’s
distances, as described in Supplementary Methods.

As an example, Supplementary Fig. 3 illustrates the application of
these diagnostics options in the MDA-MB-231 FM AZD628-
Gemcitabine combination experiment from Narayan et al.13. The
Cook’s distances based on the change of the fitted values reveal a
subject in the control group that has a greater influence on the fitted
values than the other subjects (Supplementary Fig. 3a). Similarly, the
analysis of Cook’s distances based on the change in the fixed effects
indicates that the same individual strongly affected the estimation of
the control group’s growth rate coefficient (Supplementary Fig. 3b).
Supplementary Fig. 3c confirms that this subject exhibits a tumor
growth curve that is notably distinct from the other animals.

These diagnostic analyses provide a deeper understanding of the
experiment and the modeling results by identifying potential outliers,
measurement errors, or subjects with unique tumor growth patterns.
Such insights improve the reliability of the conclusions by highlighting
individuals ormeasurements thatmaywarrant further investigation to
reveal the reasons behind their unusual growth behavior, and

potentially exclude these before reanalysis after careful reporting and
justification.

Evaluation of tumor-related pathways using SynergyLMM
SynergyLMM provides a robust statistical framework for evaluating
synergy and antagonism, making it a versatile tool for assessing drug
combination effects in vivo. Beyond mere validation of hypothesized
synergy between treatments, SynergyLMM also supports the
exploration of drug interaction effects on molecular pathways, hence
offering opportunities to uncover insights into tumor biology.

To demonstrate its wide utility, we reanalyzed the data from the
study of Gilfillan et al.22, which hypothesized that enhanced HER2/
HER3 signaling could drive tumor growth independently of estrogen
receptor (ER) activity in hormone therapy-resistant tumors. To corro-
borate this hypothesis, the authors tested the effect of Heregulin (HER3
agonist), EGF (EGFR agonist), Fulvestrant (ER antagonist), Trastuzumab
(HER2 inhibitor), and pairwise combinations of these, in a luminal-like
breast cancer patient-derived PDXmouse model (MAS98.06), in which
tumor growth is dependent on estrogen23 (Fig. 3a, b). Unlike typical
drug combination studies, this experiment specifically tested the
interactions of growth factors with antitumor agents.

We first confirmed that there were no significant differences in the
initial tumor volume between the treatment groups (Supplementary
Fig. 4a). After fitting the models separately for each drug combination
experiment, we evaluated the adequacy of themodels for capturing the
observed values (Supplementary Fig. 4b–e), and the model diagnostics
to corroborate the validity of the model assumptions (Supplementary
Fig. 5). The model diagnostics indicated that the model assumptions
were largely satisfied across all experiments and supported the validity
of the models for fitting the longitudinal data, although some extreme
observations were also detected that might deserve further scrutiny.

We analyzed the effects of the different combinations at the final
experimental time point (28 days) using the HSA model (Fig. 3c and
SourceData S2). Consistentwith the authors’proposedmechanism, the
combination of Heregulin and Fulvestrant demonstrated an antag-
onistic effect, leading to a greater tumor growth compared to Fulves-
trant monotherapy. Notably, SynergyLMM analysis also revealed a
synergistic effect between EGF and Fulvestrant, resulting in reduced
tumor growth compared to Fulvestrant monotherapy. Finally, as
expected, the results from the combinations of Fulvestrant +
Trastuzumab and Heregulin + Trastuzumab showed no significant dif-
ferences compared to their respective monotherapy groups (Fig. 3c).

These results exemplify the utility of SynergyLMM for the study of
interaction effects of targeted agents on tumorbiology. The results did
not only support the hypothesized mechanism, but also identified an
interesting synergistic interaction between EGF and Fulvestrant, which
deserves further investigation.

SynergyLMMenables analysis of triple drug combination effects
The combination treatments for cancer therapy often go beyond the
standard two-drug combinations, and analysis of higher-order (3 or
more drugs) combinations is routinely done in vitro combination
experiments24. Although the in vivo assessment of higher-order com-
binations is not commonly performed for practical reasons, we
extended the application of SynergyLMM for the analysis of three-drug
combination experiments to offer a solution for statistical synergy
evaluation required in these experiments (see “Methods” and Sup-
plementary Methods).

In addition to the two-drug combination responses, Gilfillan et al.22

also investigated the effect of Heregulin + Fulvestrant + Trastuzumab
combination in the MAS98.06 PDX model (Fig. 4a). We re-analyzed
these data using SynergyLMM with the Bliss, HSA, and RA models
(Fig. 4b and Source Data S3). The model diagnostics analysis indicated
the adequacy of the model (Supplementary Fig. 6a, b). We also con-
firmed that there were no differences in the initial tumor volume
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between the groups that could affect the results (Supplementary
Fig. 6c). The results for the triple drug combination were similar to
those obtained for the Fulvestrant+Trastuzumab double drug combi-
nation (Source Data S2). No evidence of synergy was found with the
Bliss or RA models, and only the HSA model suggested a statistically
significant synergy at day 8 after treatment initiation, which was lost at
later time points (Fig. 4b). These results support the mechanism pro-
posed by the authors, by which the antagonistic effect of Heregulin
would be lost when HER2 is inhibited by Trastuzumab (Fig. 3a).

Narayan et al.13 also tested the combination of three drugs (Osi-
mertinib, AZD2014, and Docetaxel) in the U87-MG FM orthotopic

glioblastoma model (Fig. 4c). Even though not well-suited for fixed-
dose treatments experiments, the authors used the median effect
principle by Chou and Talalay15 to report the synergistic drug combi-
nation effect. Our reanalysis of these data using SynergyLMM could
not corroborate this conclusion, and even showed some tendency of
an antagonistic effect of the three-drug combination at the early time
points with the Bliss and RA models (Fig. 4d and Source Data S3).
SynergyLMM analysis at the remaining time points indicated that the
additive effect of the drug combination could not be statistically
rejected. The model diagnostics confirmed that the model assump-
tions were largely met (Supplementary Fig. 7a, b), supporting the
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validity of the combination testing results. We did not find any sig-
nificant differences in the initial tumor volume between the groups,
although we found a potential outlier individual with a larger initial
tumor volume than the rest of animals, which might deserve further
exploration (Supplementary Fig. 7c).

These two experiments demonstrate the capability of Syner-
gyLMM to evaluate combination effects in more complex, triple-drug
combination experiments, with rigorous and time-dependent statis-
tical modeling. Therefore, SynergyLMMoffers a unique tool for in vivo
studies that aim to assess the therapeutic potential of higher-order
drug combinations, something that is not implemented in the other
in vivo combination evaluation methods (Table 1).

Comparison of SynergyLMM with other statistical methods
One common statistical approach to assess drug combination effects
is to compare treatment groups at a single endpoint using t-test or its
variants21,25–27. However, these approaches pose several limitations,

including low statistical power due to the loss of dynamic information
from the longitudinal tumor growth measurements. To exemplify the
advantages of using SynergyLMM over these simpler approaches, we
compared the analysis of the Heregulin–Fulvestrant combination in
MAS98.06 PDX model shown in Fig. 3 using SynergyLMM and the
standard t-test at different time points (Supplementary Fig. 8). This
dataset offers a practical example, because the measurements per
animal are not evenly distributed across the treatment groups (Sup-
plementary Fig. 8a). Direct statistical comparison between the groups
using t-test cannot deal with incomplete data, and only the time points
in which there aremeasurements for both groups being compared can
be analyzed. In contrast, SynergyLMM estimates the growth rates of
the treatment groups based on all the available data, and it uses the
estimated coefficient to make the comparison (Supplementary
Fig. 8b). Another limitation is that the standard t-test does not account
for intra-subject correlations, and it treats each time point indepen-
dently, losing the longitudinal information provided by the history of
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the tumor growth. Besides making impossible the comparison at sev-
eral time points, t-test failed to detect significant differences at the last
time points (Supplementary Fig. 8b). We note that such statistical
comparison of the combination therapy vs the individual drug treat-
ments at a single time-point is effectively equal to using theHSAmodel
for synergy quantification. In the statistical assessment of synergy
based on the other synergy models, such as Bliss independence or RA,
all the four (ormore) treatment groups are considered simultaneously
for the longitudinal comparison, similarly as SynergyLMM does.

More comprehensive statistical methods have been developed to
overcome the limitations of the simple statistical approaches. How-
ever, only a few existing methods developed for in vivo synergy ana-
lysis currently provide open-access source codes or easy-to-use web-
based tools for their wide application (Table 1). One such method is
invivoSyn, which has been developed to identify synergy from in vivo
drug combinations experiments21. To further evaluate the relative
power of SynergyLMM to detect time-dependent synergy effects, we
reanalyzed the data for the combination effect of Cetuximab+
Palbociclib in the colon PDX model CR119721. This model has been
shown to exhibit a delayed response to the drug combination in some
individuals21 (Fig. 5a). The SynergyLMM analysis corroborated that a
significant Bliss synergy was only identified at the last time points of
the experiment (Fig. 5b). Although the analysis with invivoSyn also
showed that the CI values varied with time, the statistical p values
remained constant (Fig. 5b and Source Data S4). This is due to the
default use of all data points for the statistical assessment of synergy in
invivoSyn, hence leading to a p value that is calculated independently
of the values of the CI or SS at each time point21. Therefore, the
SynergyLMM results provided a more precise description of the time-
dependent drug combination effects and their statistical significance.

One of the unique features of SynergyLMM is the statistical
assessment of antagonism in addition to synergism. As shown in
Fig. 2d, f, SynergyLMMcorrectly reported antagonism in those cases in
which the drug combination effect was lower than the expected
additive effect according to the Bliss model. To further validate the
identification of antagonism using SynergyLMM, we evaluated the
effect of GABA + anti-PD1 treatment in the breast cancer cellmodel 4T1
(Fig. 5c). GABA is a metabolite and neurotransmitter, which has been
shown to mediate immune suppression and antagonize immune
checkpoint inhibition therapy, such as anti-PD1 treatment28,29. As
expected, and in agreement with previous results28, the GABA treat-
ment alone did not have any effect on the tumor growth (Fig. 5c).
Therefore, we evaluated the drug combination effect using the HSA
model, and compared the results obtained with CombPDX, invivoSyn,
and SynergyLMM (Fig. 5d). The three methods showed negative SSs
and confidence intervals, pointing to the expected antagonistic effect.
However, only SynergyLMM assigned a significant p value for the
antagonistic effect, while CombPDX and invivoSyn reported highly
insignificant p values (Fig. 5d and Source Data S4). This is due to the
one-tailed tests used in the statistical assessment of synergy in
CompPDX and invivoSyn methods, which do not allow for testing of
antagonistic effects, and which can artificially inflate the statistical
significance of synergy.

Finally, we also compared the results obtained with CombPDX,
invivoSyn, and SynergyLMM in the assessment of Bliss synergy for the
combination of Rabusertib and Irinotecan in various colon cancer
models14. The three methods pointed to a synergistic effect for the
drug combination in the SW837 model (Fig. 5e, f). Notably, invivoSyn
was the only method that assigned a significant synergistic effect,
while SynergyLMMshowedborderline significanceonly at the last time
point (Fig. 5f and SourceData S4). This is because invivoSynperforms a
one-tailed test in the assessment of synergy, whereas a two-tailed test
would have provided results similar to those of SynergyLMM.
CombPDX showed a positive SS and confidence interval for the last
timepoint, indicating synergy. However, this was inconsistent with the

reported p value, which indicated a non-significant effect (Fig. 5f and
Source Data S4). In the case of LS-1034 and SNU-81 models, Syner-
gyLMM and CombPDX showed similar results at the initial time points
(Supplementary Fig. 9 and Source Data S4). However, CombPDX could
not analyze the last time points in these experiments, since tumor
measurements from all the groups were not available. SynergyLMM
was the onlymethod that assigned a significant synergistic effect at the
later time points in the LS-1034 model, while invivoSyn suggested a
tendency of significant synergy through all time points (Supplemen-
tary Fig. 9b). In contrast, SynergyLMM indicated a tendency, although
not statistically significant, of a synergistic effect on the SNU-81 model
at the last time point, while invivoSyn reported a significant synergy
through the whole experiment time period (Supplementary Fig. 9d).

The evaluation of themodel diagnostics confirmed that themodel
assumptions were met for all the datasets, only showing some devia-
tion from the normality of the random effects for the 4T1 model
experiment (Supplementary Fig. 10). However, we found significant
differences in the baseline tumor volumes in the 4T1 dataset (Sup-
plementary Fig. 10d), although the absolute range of initial volumes
(2.1–37.7mm3) is within what is typically acceptable for PDX models,
and may therefore exert a limited influence on treatment response
interpretation. The plotting of observed versus fitted values also sup-
ported the validity of the models for fitting the longitudinal data
(Supplementary Fig. 11).

Taken together, these results suggest a synergistic effect of the
drug combination across the three colon cancer models. However,
CombPDX was not able to provide information beyond the initial time
points for the LS-1034 and SNU-81 models, due to insufficient data
across all treatment groups. Both SynergyLMM and invivoSyn yielded
similar results, indicating significant or nearly significant Bliss synergy
for the three colon cancer models. One of the key factors affecting the
magnitude of the p values obtained by SynergyLMM was the sample
size. LS-1034 model experiment had a larger sample size (41 mice)
compared to SW837 (24 mice) and SNU-81 (26 mice) models. Syner-
gyLMM accounts for sample size in its statistical assessment of
synergy, resulting in increased statistical power for experiments with
larger sample sizes, such as the LS-1034 experiment. SynergyLMMalso
accounts for variability in the tumormeasurements at each timepoint.
For instance, in the SNU-81 experiment, SynergyLMM assigned a
smaller p value for Bliss synergy at day 8 post-treatment initiation,
where the variability in relative tumor volume among animals in each
group—particularly in the drug combination group—was lower com-
pared to later time points (Supplementary Fig. 9c). These findings
highlight the sensitivity and specificity of SynergyLMM in detecting
synergy and/or antagonism through rigorous statistical evaluation.

Simulations demonstrate consistency and robustness of Syner-
gyLMM results
Reproducibility of results from preclinical cancer models remains a
critical challenge, requiring improvements in consistency30,31. To
evaluate the sensitivity, specificity, and consistency of SynergyLMM
results, we conducted a series of simulation studies using the Syner-
gyLMM functions. First, we simulated 1000 typical drug combination
experiments with four groups (control, drug A, drug B, and combina-
tion), assigning a synergistic tumor growth rate for the combination
group according to the Bliss independence model and using realistic
model parameters (see “Methods”). As anticipated, SynergyLMM
consistently detected highly significant synergy across multiple time
points in all these model sensitivity simulations (Supplementary
Fig. 12a and Source Data S5). In a separate set of simulation studies, we
modified the growth rates of the combination group such that the
additive effects of the twodrugs couldnotbe rejected according to the
Bliss model. As expected, SynergyLMM consistently reported non-
significant results at all time points across all these model specificity
simulations (Supplementary Fig. 12b and Source Data S5).
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Biological variability, and particularly outlier observations, poses
a significant challenge in in vivo drug combination experiments, where
sample sizes are typically relatively small. Outliers can lead to both
false positive and false negative findings, undermining the reliability of
conclusions. To assess the robustness of SynergyLMM, we introduced
an artificial outlier subject with a higher growth rate into one of the
simulated synergistic experiments to investigate the robustness of the

method tomaintain its sensitivity to detect synergy, despite the outlier
subject. We then compared the performance of the analysis with
SynergyLMM, CombPDX, and invivoSyn under the same conditions.
Without the outlier, all the three methods detected significant Bliss
synergy at multiple time points (Supplementary Fig. 12c, d and Source
Data S5). However, when the outlier was introduced, CombPDX failed
to detect synergy at any time point (Supplementary Fig. 12e, f and
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Source Data S5). In contrast, both SynergyLMM and invivoSyn con-
tinued to report significant Bliss synergy, albeit with higher p values
(Supplementary Fig. 12e, f, and Source Data S5).

We also tested the robustness of SynergyLMM in identifying false
positives (i.e., tested the model specificity). Using the simulated non-
synergistic experiment, we introduced an outlier subject with a lower
growth rate into the combination group. A robust method should not
report a synergistic drug combination effect under these conditions.
Without the outlier, both SynergyLMM and invivoSyn correctly
reported non-significant results at all time points, while CombPDX
erroneously reported significant p values at certain time points,
despite confidence intervals indicating that additivity could not be
rejected (Supplementary Fig. 12g, h, and Source Data S5). The analysis
of the data with the outlier subject showed that CombPDX again
reported non-significant results for most of the time points, yet it still
assigned significant synergy at some time points (Supplementary
Fig. 12i, j, and Source Data S5). The invivoSyn results were markedly
affected by the outlier, and it reported significant Bliss synergy in this
case. In contrast, SynergyLMM reported non-significant results across
all time points, demonstrating its robustness and specificity (Supple-
mentary Fig. 12i, j and Source Data S5).

These simulation studies demonstrate that SynergyLMM con-
sistently delivers reproducible results, maintains robustness against
outliers, and effectively minimizes the risk of false negatives and false
positives, highlighting its reliability for in vivo synergy analysis.

Robustness of SynergyLMM against violations of modelling
assumptions
Finally, we evaluated the robustness of SynergyLMM against model
misspecification and violations of the distributional assumptions by
fitting an exponential model and a Gompertz model to simulated
data following a logistic growthmodel (Supplementary Fig. 13a, b). In
this case, when the exponential model is used without any transfor-
mation of the time unit or specifying a heteroscedastic structure of
the residuals, certain model assumptions are violated, such as the
normality and homoscedasticity of the residuals (Supplementary
Fig. 13c). The Gompertz model provided a better model describing
the tumor growth in this case, offering an alternative model with
satisfactory diagnostics (Supplementary Fig. 13d). Next, we simu-
lated 1000 typical drug combination experiments with the four
treatment groups (control, drug A, drug B, and combination),
assigning tumor growth rates compatible with a synergistic drug
combination effect. The synergy results obtained both from the
exponential and the Gompertz model showed, as expected, sig-
nificant Bliss synergy across multiple time points in all the simula-
tions (Supplementary Fig. 13e, f and Source Data S6). However, the
exponential model resulted in higher significance levels from day 15
to the last time point, compared to the Gompertz model, coincident
with those time points in which the experimental measurements

clearly deviated from the exponential model (Supplementary Fig. 13b
and Source Data S6).

In a separate set of simulation studies, we modified the growth
rates of the combination group such that the additive effects of the
two drugs could not be rejected according to the Bliss model. Again,
we evaluated the synergy results by fitting the exponential model and
the Gompertz model to the logistic growth data (Supplementary
Fig. 14a, b). As previously, the exponential model showed violation of
the assumptions, including the normality and homoscedasticity of the
residuals (Supplementary Fig. 14c), while the Gompertz model offered
a better description of the tumor growth and no deviations from the
model assumptions (Supplementary Fig. 14d). The synergy assessment
again showed comparable results, where both models correctly did
not reject the additive effect of the drug combination at multiple time
points (Supplementary Fig. 14e, f and Source Data S6). The Gompertz
model assigned a significant antagonismat the early timepoints,which
was actually expected by the defined logistic growthpattern. However,
this was not detected by the exponential model. Additionally, the
exponential model resulted again in higher significance levels at the
last time points, compared to the Gompertz model, but the p values
from both models were non-significant (p >0.05), in line with the
simulation setup.

These simulation results indicate that the exponential model
provided consistent results, even when the model was misspecified
and the distributional assumptions were violated. However, the sen-
sitivity and specificity of the detections were compromised as the
discrepancy between the model assumptions and the observed data
increased. This highlights the importance of using the appropriate
model to obtain reliable results.

SynergyLMM implements statistical power analysis to improve
experimental designs
A key determinant of statistical power is the effect size of the drug
combination effect, given by the magnitude of the estimated coeffi-
cient for the growth rate after combination treatment, relative to that
observed in the monotherapy and control groups. Treatments with
larger effect sizes are easier to detect, even with smaller sample sizes,
resulting in higher statistical power. Another critical factor is the var-
iance components of the model, including residual variance (within-
subject variance) and random effects variance (between-subject var-
iance). High estimated values of the coefficients for these variances
reduce precision, thereby diminishing statistical power. To illustrate
the influence of these factors, we evaluated the retrospective (post
hoc) power of the synergy analyses across thedatasets described in the
previous sections using the built-in functions in SynergyLMM (see
“Methods” and Supplementary Methods). To simplify the power ana-
lyses, we used the synergy results calculated at the last time point,
although a similar analysis could be performed for each time point
with SynergyLMM. As shown in Fig. 6a, the models with high residuals

Fig. 5 | Drug combination evaluation using CombPDX, invivoSyn, and Syner-
gyLMM. a Tumor growth in Cetuximab+ Palbociclib combination experiment in
the colon PDX CR1197 model. Each curve corresponds to an individual mouse:
vehicle n = 10, Cetuximab n = 8, Palbociclib n = 9, Palbociclib + Cetuximab n = 10.
The bold lines in the plots represent the fitted regression lines for the fixed effects
of each treatment estimated by the linear mixed-effects model. The x-axis of the
plots represents the original time in square-root scale. b Comparison of Bliss
synergy evaluation using invivoSyn and SynergyLMM. The horizontal dashed line
indicates the combination index threshold of 1 to assess synergy and antagonism.
The vertical lines indicate the 95% confidence intervals for the combination index.
c, d Evaluation of GABA+ anti-PD1 combination effect on tumor growth in 4T1
breast cancer model. Each curve corresponds to an individual mouse: control
n = 10, GABA n = 10, anti-PD1 n = 10, GABA+ anti-PD1 n = 11. e, f Evaluation of com-
bination Rabusertib + Irinotecan in SW837 colon cancer model. Each curve corre-
sponds to an individual mouse: control n = 6, Rabusertib n = 6, Irinotecan n = 8,

Rabusertib + Irinotecan n = 4. c, e display tumor growth data for the different drug
combinations across the distinct cancer models. The bold lines in the right plots
represent the fitted regression lines for the fixed effects of each treatment esti-
mated by the linear mixed-effects models. The x-axis of the plot in (c) represents
the original time in square-root scale. The synergy evaluation using CombPDX,
invivoSyn, and SynergyLMM for 4T1 (d) and SW837 (f) tumor models. The hor-
izontal dashed lines indicate the synergy score threshold of 0 to assess synergy and
antagonism. The error bars indicate the 95% confidence intervals for the synergy
score. The dot in the center indicates the estimated synergy score value. The dot
colors in (b) indicate the non-adjusted p values for the one-sided tests from invi-
voSyn and the two-sided tests from SynergyLMM. The non-adjusted p values
reported in (d) and (f) correspond to the one-sided tests from CombPDX and
invivoSyn, and two-sided tests fromSynergyLMM.HSAhighest single agent. Source
data are provided as a Source data file.
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and/or random effects variance and high growth rates in the combi-
nation group (indicating lower effect size) exhibited lower statistical
power. Conversely, the models with low effect size resulted in higher
power only when the variance components were small. Similarly, the
models with high variance components demonstrated higher power
only when the effect sizes were large, with the LS-1034 model being a
prominent example.

SynergyLMM also provides functionalities for a priori power
analysis (see “Methods” and Supplementary Methods). This enables

the prospective evaluation of the statistical power before the study is
conducted by varying the values of combination group growth rates or
variance components, while keeping the other model parameters
constant. As an example, we analyzed the Rabusertib and Irinotecan
combination experiment in the SW837 colon cancer model from Jaaks
et al.14. Using the estimated parameters from the model at day 25
(Fig. 6b), we evaluated the power for Bliss synergy across a range of
residuals and random effects variances (Fig. 6c), and combination
group growth rates (Fig. 6d). The results demonstrate that the power
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increases as the residual and random effects variances decrease
(Fig. 6c). Furthermore, Fig. 6d reveals a U-shaped power profile as a
function of the combination group growth rate. This indicates that
with lower growth rates (i.e., higher effect size), the power is increased
for detecting synergy, but it decreases as growth rates approach the
expected additive effect under the Bliss independence model until it
reaches its minimum. As growth rates exceed the expected additive
effect, the power starts to increase again, reflecting the model’s ability
to detect negative deviations from additivity (indicating antagonism).

An important experimental factor influencing statistical power
and the study design and costs is sample size (i.e., the number of
animals in each treatment group). SynergyLMM includes functions for
a priori power analysis to evaluate how changes in the sample size
affect power to detect synergy, if present, while keeping the other
model parametersfixed.Using theparameters estimated fromthedata
andmodel in Fig. 6a,we analyzed the a priori power for Bliss synergy in
the SW837 Rabusertib + Irinotecan combination experiment (Fig. 6e).
In the original experiment, the average sample size was six animals per
group, resulting in a statistical power of 0.46 for Bliss synergy and a
tendency, but not statistically significant results (Fig. 5e). This resulted
in unnecessary and futile suffering of the animals to end up with non-
conclusive results. Our analysis revealed that it would be necessary to
increase the sample size to 14 animals per group in order to achieve a
statistical power of 0.8 for detecting Bliss synergy for this combination
at the evaluated time point. The SynergyLMMR package and web-tool
enables the users to choose themost appropriate synergymodel (Bliss
or HSA) for their experiment when deciding the sample size for suffi-
cient statistical power.

Finally, the number of measurement points per subject is another
experimental factor that can influence the experimental design and
statistical power. This depends on the duration of tumor growth
follow-up and the frequency of the measurements during that period,
both of which SynergyLMM includes functions for a priori power
analysis. As an example, we analyzed the Rabusertib + Irinotecan
combination experiment in the LS-1034 colon cancermodel from Jaaks
et al14. In this experiment, the maximum follow-up time was 33 days
(Fig. 6f), and a significant Bliss synergy was observed at this endpoint
(Supplementary Fig. 9b). Using the estimatedparameters of thismodel
and a sample size of 10 animals per group (corresponding to themean
group size in the original experiment), we evaluated the a priori sta-
tistical power for Bliss synergy across different follow-up times. Our
analysis suggested that 18 days of follow-up was already sufficient to
achieve a statistical power of 0.8 (Fig. 6g). Furthermore, conducting
seven or more evenly spaced measurements within 18 days of follow-
up also yielded a statistical power exceeding 0.8, while four

measurements resulted in a statistical power close to0.8. (Fig. 6h). The
SynergyLMM R package allows the user to specify any of the model
parameters for power analysis to detect synergy.

By offering flexible options for both retrospective post hoc and
prospective a priori power analysis, SynergyLMM facilitates the opti-
mization of experimental design. This includes precise estimation of
the required sample size, follow-up duration, or measurement fre-
quency needed to achieve sufficient statistical power for the in vivo
synergy assessments.

Discussion
Combination therapies offer a promising solution to monotherapy
resistance by targeting independent molecular pathways to address
tumor complexity, overcome resistance mechanisms, and enhance
treatment responses1,3. However, despite the wide interest in drug
combination discovery for cancer treatment, only a few methods are
available for the assessment of drug combination effects in the pre-
clinical setting, particularly for in vivo experiments, and there is still
much room for improvement in combination analyses and develop-
ment of community standards for drug combination synergy scoring,
especially in the context of longitudinal and heterogeneous animal
studies (Table 1). Here, we presented a comprehensive and robust
method for the analysis of drug combination effects in animal studies.
SynergyLMM is implemented as an R package, but is also available as
an easy-to-use, interactive web-tool for those users without prior
programming skills. We expect the SynergyLMM method and the
guidelines from the case exampleswill improve the statistical rigor and
experimental designs of preclinical combinatorial studies, and pave
the way toward the development of community standards and best
practices for drug combination synergy modeling and scoring for
longitudinal and heterogeneous animal treatment studies. The
improved design and analysis options are also closely related to the
ongoing reproducibility crisis of preclinical cancer research30,31, and
complement the community guidelines for the reporting standards of
the animal experiments (e.g., ARRIVE guidelines32–34).

Due to the lack of established and easily available statistical
methods, most studies assessing drug combination effects in vivo use
simple statistical tests, which do not properly address the particula-
rities of animal experiments. For example, in the original analyses of
Narayan et al.13, the authors used the Combination Index by con-
sidering only single doses of individual compounds, which can easily
bias the evaluation of synergistic effects of drug combinations. Multi-
dose experiments would ideally be needed, similar to the current
practices in cell line experiments, but this would naturally require
much more animals and resources, something that is not always

Fig. 6 | Statistical power analysis using SynergyLMM. a Bubble plot indicating
the statistical power for Bliss synergy, combination group growth rate, and resi-
duals and random effects residuals across the different in vivo drug combination
experiments. For each experiment, we used the information from the statistical
analysis at the last time point. The values of the standard deviation (SD) and
combination treatment group growth rate were normalized using L1 norm tomake
the values between different experiments on the same scale. Low values for the
combination group growth rate indicate a higher drug combination effect, and vice
versa. The information about all model estimates and statistical power for each
experiment can be found in Source Data S7. b Tumor growth curves and estimated
model parameters from the evaluation of drug combination Rabusertib and Iri-
notecan effect in the SW837 colon cancer model. The bold lines in the plots
represent the fitted regression lines for the fixed effects of each treatment esti-
mated by the linear mixed-effects model. The x-axis of the plots represents the
original time in square-root scale. c Colormap of the statistical power for Bliss
synergy across different residuals and random effects variances for an experiment
with 6 animals per group and the same growth rates and duration than in the
experiment shown in (b). The red dot indicates the estimated power for the resi-
duals and random effects SD indicated in (b). d Statistical power for Bliss synergy

across different values of combination group growth rate for an experiment with 6
animals per group and the same duration and estimated parameters as in the
experiment shown in (b). The red dot indicates the estimated power for the com-
bination group growth rate indicated in (b). e Statistical power for Bliss synergy
across different sample sizes per group for an experiment with the same duration
and estimated parameters as the experiment shown in (b). f Tumor growth curves
for the evaluation of drug combination Rabusertib and Irinotecan effect in the LS-
1034 colon cancermodel. The bold lines in the plots represent the fitted regression
lines for the fixed effects of each treatment estimated by the linear mixed-effects
model. g Statistical power for Bliss synergy across different values of maximum
follow-up time per group for an experiment with the same sample size and esti-
mated parameters than in the original experiment shown in (f), andmeasurements
performed every 3 days. h Statistical power for Bliss synergy across different fre-
quencies and total number of measurements for an experiment with the same
sample size and estimatedparameters than in the experiment shown in (f), andwith
18 days of follow-up. Note: 2 measurements indicate an experiment in which the
tumor volume was measured only at day 0 (initial measurement) and at day 18,
while 19measurements correspond to an experimentmeasuring the tumor volume
every single day. Source data are provided as a Source data file.Source Data S7.
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feasible, and may violate the 3R principles of animal studies (replace-
ment, reduction, and refinement), if one is required re-testing of
multiple concentration ranges.

Preclinical research carried out in experimental animal models is
still an essential part of the drug development process35; however, a
number of reports have called into question the reproducibility,
validity, and translatability of the preclinical findings due to limitations
in their experimental design and statistical analysis36. This does not
only lead to loss of animal lives and research costs, but also delays the
production of new and desperately-needed therapies formany human
diseases37. Preclinical synergy is cited frequently in phase I-II studies to
justify the evaluation of a specific drug combination, but inappropriate
methods for synergy evaluation have been used in most studies38.
Suggested improvements include better design of the preclinical
experiments, in terms of power analyses and sufficient sample sizes,
and more rigorous statistical analysis of the tumor growth data.
SynergyLMM provides valuable tools for this purpose, not only by
robust statistical analysis of combination effects, but also by offering
post hoc power analysis to assess experiments retrospectively and a
priori power analysis for designing optimal studies. The latter relies on
parameter estimates from earlier similar studies or pilot experiments.
Using insights from the post hoc evaluations, researchers can deter-
mine optimal sample sizes, follow-up durations, and measurement
frequencies to ensure sufficient statistical power is reached in their
experiments. This will lead to reduction in animal experiments by
implementing improved experimental designs for in vivo experiments
with minimal number of animals and measurements, yet still having
enough statistical power to detect true synergistic effects.

Another common challenge in animal treatment experiments is
biological variability among subjects, often leading to false-negative
results when the sample sizes are too small. Ethical animal research
necessitates minimizing such errors to obtain confident results and
avoid unnecessary animal suffering. SynergyLMMsupports thesegoals
through time-dependent power analysis, outlier identification, and
influential diagnostics, enabling researchers to optimize study designs
and ensure robust and confident conclusions. For instance, SW837
experiment showed non-significant drug combination effect at day 25
(Fig. 5e). However, the post hoc power analysis at this time point
indicated that the statistical power was only 0.46 (Fig. 6c, d). The a
priori power results suggested that a sample size of 14 animals per
group would be needed to reach 0.8 statistical power (Fig. 6e). On the
other hand, the a priori power analysis for LS-1034 experiment showed
that the time of follow-up could have been reduced to 18 days when
performing 7 tumor measurements and still reach higher than
0.8 statistical power (Fig. 6g, h). These examples show the importance
of study design in terms of optimal animal numbers and follow-up
times. We note that the consistency of detecting treatment effects
does not only dependon the sample size, but alsoon the time point for
synergy evaluation, and robustness of the methods to tolerate outlier
measurements, as was demonstrated in the simulation studies.

A unique feature offered by SynergyLMM is the statistical analysis
of antagonism alongside synergy, while the previous methods for
evaluating drug combinations in animal studies have primarily focused
on synergy, often using one-tailed tests20,21. However, drug combina-
tions can result in additive, synergistic, or antagonistic effects, making
two-sided statistical testing essential to avoid false-positive and false-
negative conclusions.Whilemuch of the focus in combination therapy
research has been on identifying synergistic interactions, assessing
antagonism can be equally valuable for understanding tumor biology.
Antagonistic effects may reveal previously unrecognized interactions
between biological pathways in specific cancer types, potentially
paving the way for therapeutic approaches. Indeed, some studies
suggest that antagonistic combinations might paradoxically help
prevent long-term drug resistance39. Therefore, it is essential that
statistical methods for evaluating drug combination effects enable the

exploration of all potential combination effects. The results from the
experiments performed inMAS98.06 PDXmodel offer a clear example
of this importance of antagonistic effects (Fig. 4), suggesting that
drugs targeting HER3 might serve as additional strategies for the
treatment of hormone treatment-resistant breast cancer22.

Another unique functionality offered by SynergyLMM is the pos-
sibility to analyze more than two drug combination experiments. The
current version of SynergyLMM allows for the analysis of three-drug
combinations only, as it is the next most frequent scenario in practice,
after the two-drug combinations. However, the approach could be
extended to any number of drug combinations (see a detailed
description in Supplementary Methods).

SynergyLMM implements three widely used reference models for
defining drug interaction effects: Bliss independence, RA, and the HSA
model. The choice of reference model remains a topic of ongoing
debate, dating back to the 1992 Saariselkä Agreement. During this
meeting, an expert committee convened to reconcile differing synergy
principles, but ultimately failed to reach consensus. Instead, they
recommended that studies clearly specify the referencemodel used to
define synergy11,40. Each of these models is based on distinct assump-
tions, which directly influence the interpretation of synergy or antag-
onism. In our framework, RA is themost stringent model for detecting
synergy, whereas HSA is the most permissive. To illustrate these dif-
ferences, consider the combination of Imatinib and Dasatinib in the
BV-173 leukemia model. Both compounds are tyrosine kinase inhibi-
tors targeting the BCR-ABL tyrosine kinase41,42. The assumption of drug
independence underlying the Bliss model may not be appropriate
here, given that both drugs act on the same pathway and share
molecular targets. Consistent with this, the Bliss model suggests that
the observed combination effect is less thanwhatwouldbeexpected if
the drugs acted independently (Fig. 2c, d), indicating antagonism
under this model. In contrast, the HSA model shows that the combi-
nation effect exceeds that of themost effective single agent—Dasatinib
—thus indicating synergy under this less stringent criterion. These
results are not contradictory; rather, they underscore that the inter-
pretation of drug interactions depends on the chosen reference
model. SynergyLMM users are encouraged to consider the underlying
assumptions of each model when interpreting results. Additional gui-
dance on reference model selection is provided in Supplementary
Information S1.

It is also important to recognize that increased therapeutic
activity does not necessarily imply synergy, at least not according to
strict definitions based onmodels such as Bliss independence or RA. A
drug combination can be clinically beneficial simply by achieving
greater efficacy than either of the single drugs alone, regardless of
whether itmeets any formal synergy criteria. This has been highlighted
in the work of the Palmer and Sorger laboratories, who introduced the
concept of independent drug action (IDA)5–7. Their framework effec-
tively aligns with the HSAmodel to evaluate the therapeutic benefit of
drug combinations in cancer patient populations using clinical out-
comes such as progression-free survival. The implementation of mul-
tiple synergy referencemodels in the SynergyLMM framework enables
a systematic evaluation of drug combination effects, whether these
arise from Bliss-type or other forms of synergy, or from IDA as quan-
tified by the HSA model. This provides a more comprehensive view of
the in vivo drug combination results, grounded in the assumptions
specific to each reference model.

SynergyLMM also has some limitations that must be considered.
Firstly, our method assumes that the tumor growth follows either an
exponential or Gompertz growth kinetics. Previous evidence suggests
that the exponential growth is an adequate assumption for in vivo
tumor growth, particularly during early phases of treatment43–46, while
the Gompertz tumor growth is one of the most commonly used
models to describe tumor growth data47. However, these assumptions
may not hold for all preclinical cancer models and therapies, and
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deviations could occur. To address this, SynergyLMM includes diag-
nostic tools, such as plots of observed versus predicted values, to help
researchers verify whether the model assumptions are adequately
satisfied. This is because reliable results from statistical tests require
that model assumptions—such as normality and homoscedasticity of
random effects and residuals—are met. LMMs have demonstrated
remarkable robustness to a degree of violations of distributional
assumptions, albeit this can come at the expense of less precise
estimates48. Our simulation studies using the exponential growth to
analyze a simulated logistic growth data offer a clear example of this
(Supplementary Figs. 13 and 14). Therefore, users are recommended to
thoroughly evaluate the estimated model, as certain experimental
datasets may result in highly imprecise estimates. To support this,
SynergyLMM provides diagnostic plots and tests to assess potential
violations, ensuring the validity of the model and its results.

Another limitation to note involves the assumptions made by
SynergyLMMwhen follow-up periods differ across groups. The model
accounts for uncertainty due to missing data through the standard
errors of the estimated coefficients—that is, fewer data points in a
group (e.g., due to early termination) lead to greater uncertainty,
which is reflected in the statistical inference of synergy or antagonism.
However, this approach implicitly assumes that the tumor would have
continued to follow the same growth pattern over the later timepoints
forwhichdata aremissing. SynergyLMMallows the user to freely select
the endpoint of the time window in which to analyze the combination
effects with sufficient measurements and certainty. SynergyLMM also
assumes that both drugs are administered simultaneously when
assessing synergy. This assumption stems from the fact that growth
rates are calculated starting from the initial time point, i.e., the time at
which treatment is initiated. However, our framework allows users to
modify this starting time point, enabling the analysis to begin at a later
timewhen anydrugwasfirst administered.While SynergyLMMcanstill
be applied in contexts involving non-simultaneous drug administra-
tion, researchers should be aware of the limitations this introduces and
how it may affect interpretation. Detailed guidelines and recommen-
dations for such scenarios are provided in Supplementary
Information S1.

The synergy hypothesis testing by SynergyLMM relies on
asymptotic approximations that may fail when sample sizes are lim-
ited, which are common in animal studies. In a small-sample context,
Bayesian approaches can potentially offer improved performance
compared to frequentist methods49, including hierarchical shrinkage
methods that reduce the error and stabilize the estimateswhen sample
sizes per group are small50. However, Bayesian approaches also entail
some practical considerations. The primary challenge with Bayesian
approaches is the specification of prior distributions, which requires
substantial domain expertise and careful consideration to avoid
introducing unintended bias. The choice of priors can significantly
influence results, particularly in small-sample settings where non-
informative prior or default hyperparameters may lead to severely
biased estimates49,51. Computational considerations also play a sig-
nificant role in the practical implementation of Bayesian methods.
While modern Bayesian approaches have made these methods more
accessible, Bayesian mixed-effects models can be computationally
intensive and slow to converge, especially for complexmodels or large
datesets, potentially limiting their practical application52,53. Despite
these limitations, Bayesian mixed-effect models represent a valuable
alternative approach that merits consideration for future
development.

Finally, for highly complex models—such as those incorporating
within-group correlation structures or unequal variances, or when
using the Gompertz model—SynergyLMM may encounter con-
vergence issues. These challenges arise due to the large number of
parameters to be estimated, which become particularly relevant in
experiments with small sample sizes or when analyzing early time

points with limited tumor measurements. SynergyLMM flags for the
convergence problems, which also acts as a safeguard, preventing
unreliable results when insufficient data are available to support con-
fident conclusions. SynergyLMMoffers the possibility ofmodifying the
parameters to overcome the convergence issues, such as increasing
the number of algorithm iterations or selecting a different optimiza-
tion algorithm. We have included a detailed description of the sug-
gestions to deal with convergence issues in the Supplementary
Information S1.

Despite these limitations, we have demonstrated the utility of
SynergyLMM across a wide range of in vivo experiments. The case
studies included various cancer models, tumor-related measurements
(e.g., tumor volume and relative luminescence units), diverse mouse
backgrounds (immunodeficient and immunocompetent), and differ-
ent treatment classes (chemo-, targeted-, and immunotherapy) with
heterogeneous combination effects. These case studies underscore
the wide applicability and robustness of SynergyLMM as a versatile
resource for analyzing drug combination effects in vivo. By improving
the rigor and reliability of preclinical synergy analyses, SynergyLMM is
expected to advance the field of preclinical cancer research and enable
a faster and safer transition from preclinical studies to clinical com-
bination trials.

Methods
Modeling of tumor growth dynamics
SynergyLMM implements two of the most common mathematical
models of tumor growth54,55, the exponential model56 and the Gom-
pertz model45,47.

Exponential model. According to the exponential model, the tumor
growth follows an exponential kinetics, so the tumor volume at time t,
TV ðtÞ, is given by:

TV ðtÞ=TV0 � eβt , t ≥0, ð1Þ

where TV0 is the initial tumor volume, β is the tumor-specific growth
rate, and t is time in days, weeks, etc. This exponential growthmodel is
simple to interpret, and previous evidence has shown that it is
adequate for the in vivo tumor growth, especially during the early
phases of the treatment43–46. Previousworks using thismodelmade the
assumption that at the time of treatment start (baseline), the tumor
volume is the same in all the treatment groups19,21. However, this
assumption is not usually met in the real settings, where the baseline
tumor volume shows heterogeneity between animals. This problem is
effectively solved if the tumor volume at time t is expressed as the
relative tumor volume ðRTV ðtÞ= TV ðtÞ

TV0
Þ with respect to the initial tumor

volume. Then, Eq. (1) becomes:

RTV ðtÞ= eβt ; t ≥0: ð2Þ

After natural logarithm transformation, the tumor growth can be
expressed linearly with time as:

logRTV ðtÞ=β � t; t ≥0: ð3Þ

One benefit of this transformation is that, by definition, at t =0,
the RTV for all subjects is RTV ð0Þ= 1, and therefore:

logRTV ð0Þ= logð1Þ=0: ð4Þ

Linear mixed-effect model (LMM). In a typical animal study for
assessing the synergy of a drug combination, the tumor volumes are
measured over time in different treatment groups. A linear mixed-
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effect model for the tumor volume can therefore be formulated as:

logRTViðtÞ=βTi
� t + bi � t + εiðtÞ, ð5Þ

where logRTViðtÞ denotes the value of the logarithm of the RTV
measured for subject i at time t. The coefficientβTi

represents thefixed
effects for each treatment Ti, where
Ti 2 fControl,DrugA,DrugB, :::,Combination A+B+ :::g, and indi-
cates the tumor-specific growth rate for each treatment group. Term
bi � t corresponds to the subject-specific random slope that takes into
account the longitudinal nature of the data, where bi is the random
effect for subject i. εiðtÞ is the residual random term for subject i at
time t.

Gompertz model. According to the Gompertz model, the tumor
volume at time t is given by:

TV ðtÞ=TV0 � e
r0
ρ ð1�e�ρ�t Þ; t ≥0, ð6Þ

where TV0 i the initial tumor volume, r0 is the growth rate at t =0, and
ρ is constant that accounts for the decrease in the growth rate with
time. Equation (6) can also be expressed using RTV ðtÞ as:

RTV ðtÞ= e
r0
ρ ð1�e�ρ�t Þ; t ≥0: ð7Þ

Similarly to the exponential model, for the Gompertz model at
t =0:

RTV ð0Þ= e
r0
ρ ð1�e�ρ�0Þ = e0 = 1: ð8Þ

After natural logarithm transformation:

logRTViðtÞ=
r0
ρ
ð1� e�ρ�tÞ; t ≥0: ð9Þ

Non-linear mixed-effect model. A non-linear mixed-effect model for
the Gompertz growth can be formulated as:

logRTViðtÞ=
r0,Ti

+b0, i

ρTi
+b1, i

ð1� e�ðρTi
+b1, iÞ�tÞ+ εiðtÞ, ð10Þ

where logRTViðtÞ denotes the value of the logarithm of the RTV
measured for subject i at time t. Ti 2
fControl,DrugA,DrugB, :::,Combinationg is the treatment group of
subject i. r0,Ti

and ρTi
are the fixed effects for treatment

group Ti. b0, i � Nð0, σ2
r0Þ is the random effect on r0 for individual

i. b1, i � Nð0,σ2
ρÞ is the random effect on ρ for individual i. And εiðtÞ �

Nð0, σ2Þ the residual random term for subject i at time t.
Both in the exponential and Gompertz model, the parameter t

typically corresponds to days but it can represent any time unit
reflecting the timing of themeasurements. Additionally, the time units
can be transformed to improve the model fit and ensure that the
model assumptions are satisfied, without altering the interpretation of
the results. In our analysis of the MDA-MB-231 FM, BV-173-Gluc, CHL-1
FM, U87-MG FM, CR1197, and 4T1 cancer models, we applied a square
root transformation to t.

The implementation of the (non-)linear mixed-effect model in
SynergyLMM is done using R library nlme57,58, which also allows for the
specification of within-group correlations structures and/or unequal
variances. These structures can capture, but are not limited to, het-
erogeneous variances per subject, time point, treatment, or combi-
nations of these factors. More details of the modeling aspects are
provided in the Supplementary Methods and the user guidelines in
Supplementary Information S1.

Synergy calculation in SynergyLMM
For the calculation of combination synergy, we followed the statistical
framework provided by Demidenko and Miller19. This framework
assumes that tumor volume, or any other response variable, reflects
the number of cancer cells. We can then define SðtÞ as the proportion
of surviving cells in a treatment group compared to the control group
at time t. This proportion can be treated as the probability of survival
of a single cell in the treatment group.

Exponential tumor growth kinetics synergy calculation
Bliss independence model. Following the Bliss independence
model2,8 and the statistical determination proposed by Demidenko
and Miller19, drugs A and B act independently if:

SCombinationðtÞ= SDrugAðtÞ � SDrugBðtÞ:

This can be extended to the case of 3-drug combination (or any
higher order combinations):

SCombinationðtÞ= SDrugAðtÞ � SDrugBðtÞ � SDrugC ðtÞ:

The additivity of a drug combination effect according to the Bliss
independence model can be tested from the estimated growth rates
ðβÞ of the linear mixed-model described in Eq. (5) (see Supplementary
Methods). In this case, the null hypothesis for Bliss independence can
be expressed as:

2-drug combinations:

H0 : βCombination = βDrugA +βDrugB � βControl : ð11Þ

3-drug combinations:

H0 : βCombination =βDrugA +βDrugB +βDrugC � 2βControl : ð12Þ

Highest single agent model. The HSA model assumes a positive
combination effect when the drug combination exerts a higher
response (i.e., fewer surviving cells) than the most effective single
drug2,10, which can be mathematically expressed as:

SCombination tð Þ= minðSDrugAðtÞ, SDrugBðtÞÞ:

And for 3-drug combination:

SCombinationðtÞ= minðSDrugAðtÞ, SDrugBðtÞ, SDrugC ðtÞÞ:

Again, this can be tested from the estimated growth rates of the
linear mixed-model in Eq. (5) (see Supplementary Methods):

2-drug combinations:

H0 : βCombination = minðβDrugA,βDrugBÞ: ð13Þ

3-drug combinations:

H0 : βCombination = minðβDrugA,βDrugB,βDrugC Þ: ð14Þ

Response additivity model. The RA model considers a positive drug
combination effect when the combination effect is greater than the
expected additive effect given by the sum of the individual effects2,9.
The drug combination effect can be considered as the proportion of
cells killed by the treatment,M, compared to the control group. Then,
the RA model can be expressed as:

MCombinationðtÞ=MDrugAðtÞ+MDrugBðtÞ:
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And similarly, for the case of 3-drug combinations:

MCombinationðtÞ=MDrugAðtÞ+MDrugBðtÞ+MDrugCðtÞ:
Theproportionof cells killedby the treatment canbe expressed in

terms of survival as M = 1� S. In this way, the RA model can also be
formulated in terms of the proportions of surviving cells:

2-drug combinations:

ð1� SCombinationðtÞÞ= ð1� SDrugAðtÞÞ+ ð1� SDrugBðtÞÞ:
3-drug combinations:

ð1� SCombinationðtÞÞ= ð1� SDrugAðtÞÞ+ ð1� SDrugBðtÞÞ+ ð1� SDrugC ðtÞÞ:
This can be tested with the estimated growth rates of the linear

mixed-model in Eq. (5):
2-drug combinations:

H0 : eβCombinationt = eβDrugAt + eβDrugBt � eβControl t : ð15Þ
3-drug combinations:

H0 : eβCombinationt = eβDrugAt + eβDrugBt + eβDrugC t � e2βControl t : ð16Þ
A more detailed explanation can be found in Supplementary

Methods.

Synergy hypothesis testing. To evaluate whether the effect of the
drug combination is synergistic/antagonistic one can test a linear
combination of the coefficients for Bliss and HSA models. If H0 is
rejected, synergism or antagonism are defined according to following
criteria:

Bliss:

β̂Combination < β̂DrugA + β̂DrugB � β̂Control ! Synergy

β̂Combination > β̂DrugA + β̂DrugB � β̂Control ! Antagonism

HSA:

β̂Combination < minðβ̂DrugA, β̂DrugBÞ ! Synergy

β̂Combination > minðβ̂DrugA, β̂DrugBÞ ! Antagonism

Similarly, for the case of the 3-drug combinations as given in Eqs.
(12) and (14). SynergyLMM uses marginal effects package59 to conduct
hypothesis tests on the estimated coefficients of the model, based on
the delta method.

For the RA model, the time t cannot be canceled out from the null
hypothesis expression (Eqs. 15 and 16, see also SupplementaryMethods),
and therefore the null hypothesis cannot be tested using linear hypoth-
esis testing directly on the estimated coefficients. For this reference
model, SynergyLMM tests the null hypothesis by comparing the area
under the curve (i.e., cumulative effect from thebeginning of a treatment
to a time point of interest) obtained from each side of Eqs. 15 and 16, for
the 2-drugs and 3-drugs combination, respectively. A complete descrip-
tion of the approach is provided in the Supplementary Methods.

To achieve temporal assessment of drug combination effects
using the exponential model, SynergyLMM uses a separate model for
each time point being analyzed, resulting in tumor growth rates that
vary with time. The estimated coefficients from each model are then
used for the synergy hypothesis testing, as described above, reporting
the results for each time point. When using the exponential model,
SynergyLMM assumes a constant tumor growth rate over the whole
modeled time window. This guarantees that testing of drug synergy/

antagonism during the given time period can be performed directly
from the estimated LMM coefficients.

Gompertz tumor growth kinetics synergy calculation. SynergyLMM
uses the same principles for the synergy assessment using the Gom-
pertz growth model. The null hypotheses for the different synergy
referencemodels using theGompertzmodel and 2-drug combinations
can be expressed as:

Bliss independence model.

H0ðBlissÞ :
r0,Combination

ρCombination
ð1� e�ρCombination �tÞ= r0,DrugA

ρDrugA
ð1� e�ρDrugA �tÞ

+
r0,DrugB
ρDrugB

ð1� e�ρDrugB �tÞ � r0,Control
ρControl

ð1� e�ρControl �tÞ:
ð17Þ

Highest single agent model.

H0ðHSAÞ :
r0,Combination

ρCombination
ð1� e�ρCombination �tÞ

= min
r0,DrugA
ρDrugA

ð1� e�ρDrugA �tÞ, r0,DrugB
ρDrugB

ð1� e�ρDrugB �tÞ
" #

:

ð18Þ

Response additivity model.

H0ðRAÞ : e
r0,Combination
ρCombination

ð1�e�ρCombination �t Þ = e
r0,DrugA
ρDrugA

ð1�e�ρDrugA �t Þ

+ e
r0,DrugB
ρDrugB

ð1�e�ρDrugB �t Þ � e
r0,Control
ρControl

ð1�e�ρControl �t Þ
:

ð19Þ

The time t cannot be canceled out from the null hypothesis of any
of these expressions, and therefore, the null hypothesis cannot be
tested using linear hypothesis testing directly on the estimated coef-
ficients. For the Gompertz model, SynergyLMM tests the null
hypothesis using a similar approach that the one used for RA model
and exponential growth: comparison of the area under the curve (i.e.,
cumulative effect from the beginning of a treatment to a time point of
interest) obtained from each side of the equations. Further details are
provided in the Supplementary Methods, including the extension to
testing for 3-drug combination experiments.

Calculation of synergy score and combination index
The estimated value of the CI and SS can be directly obtained from the
results of the combination synergy hypothesis testing. From the
hypothesis testing, an estimated difference between the experimen-
tally observed drug combination group and the theoretical drug
combination additive effect is obtained, together with the standard
error and confidence interval of the difference, and the corresponding
p value. If there is a synergistic effect, the difference will be negative.
On the other hand, if there is an antagonistic effect, the difference will
be positive. From this, a definition of combination index and SS can be
provided in line with previous works24,60,61.

SS is defined as the excess combination response due to drug
interaction compared to the reference model21,24,61. Following this
definition, SS>0, SS=0, and SS <0 indicate synergistic, additive, and
antagonistic effects, respectively. SynergyLMM uses an equivalent
definition of SS calculated from the result of the synergy hypothesis
testing. For the Bliss, HSA, and RA models, the SS is defined as:

SS =
�θ̂

SDðθ̂Þ
,

where θ represents the contrast defined by the null hypothesis and
SDðθ̂Þ is the standard error of θ̂.
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More details are provided in the Supplementary Methods. Note
that the value of the SS reflects the excess (or lack) of response in the
tumor growth due to the drug combination compared to the reference
synergy model.

Combination index. According to the common definition of the CI,
CI < 1, CI = 1, and CI > 1 indicate synergistic, additive, and antagonistic
effects, respectively19,21,60. The CI represents the proportion of tumor
cell survival at time t in the drug combination group compared to the
expected tumor cell survival according to the reference synergy
model. Therefore, the CI provides information about the observed
drug combination effect versus the expected additive effect provided
by the reference synergy model.

Following the definition by Mao and Guo21, an equivalent defini-
tion of the CI is the ratio between the observed and the expected
proportion of surviving cells given by the synergy model. Therefore,
for Bliss, HSA, and RA models, the CI can be defined as:

CIBliss =
SCombinationðtÞ

SDrugAðtÞ � SDrugBðtÞ

CIHSA =
SCombinationðtÞ

minðSDrugAðtÞ, SDrugBðtÞÞ

CIRA =
ð1� SCombinationðtÞÞ

ð1� SDrugAðtÞÞ+ ð1� SDrugBðtÞÞ
Similarly, for the case of the 3-drug combinations. For the Bliss

and HSA models using the exponential growth, the CI (and its con-
fidence interval) can be obtained by substituting the values with the
result of the hypothesis testing (see SupplementaryMethods). For the
RAmodel using the exponential growth, and for the Gompertz model,
the CI is reported based on the distribution of the ratio of the area
under the curve between the experimentally observed drug combi-
nation group (numerator) and theoretical drug combination additive
effect given by the synergy reference model (denominator, see Sup-
plementaryMethods). The value of t used by SynergyLMMto calculate
the CI corresponds to the experimental time point at which the
synergy is reported.

In-house animal experiments
Wild-type BALB/c female mice, aged 8–16 weeks, were obtained from
Japan SLC. All mice were used in accordance with protocols approved
by the Institutional Animal Care and Use Committee at the Center for
Cancer Immunotherapy and Immunobiology, Kyoto, Japan, and the
study was approved by the Research Integrity Division, Kyoto Uni-
versity. Since 4T1 is a breast cancer cell model, only female mice were
used. The mice were housed under specific pathogen-free (SPF) con-
ditions, with ad-libitum water and food supply, with 12 h dark/light
cycles, at room temperature (23–25 °C), and 45–65% humidity. First,
mice were implanted subcutaneously with placebo or GABA pellets
designed to release GABA over 21 days (31.5mg per pellet; Innovative
Research). Then, 4T1 cells (104) were injected intradermally (i.d.) into
the mammary fat pad area. For combination treatment, mice were
injected i.p. with anti-PD-L1 monoclonal antibody (clone 1-111 A, pro-
duced in-house, 50 µg/mouse) once on day 8 after tumor inoculation.
This resulted in the four experimental groups: control (n = 10), GABA
(n = 10), anti-PD1 (n = 10), and GABA + anti-PD1 (n = 11). Tumor volumes
were measured every other day using electronic calipers, and the
tumor volume was calculated using the formula:
tumor volume= π

6 ðlength ×width ×heightÞ. The maximum allowed
tumor size was 20mm in any direction or 2000mm3 volume. As the
4T1 tumormay also form spontaneous lungmetastasis, mice were also

evaluated regularly on predefined humane endpoints (loss of 20%
body weight, signs of distress, difficulty breathing or lack of activity).
Upon reaching maximum allowed tumor size or humane endpoints,
themice were euthanized by carbon dioxide asphyxiation and cervical
dislocation.

Statistics and reproducibility
For the in-house animal experiments, no sample size calculation was
performed. The number of animals was determined based on the
number of animals implemented in previously published papers. No
data were excluded from the analysis, with each animal experiment
performed with at least ten biological replicates. Age and sexmatched
mice were randomly allocated into the experimental groups, and
blinding to the groups was performed in the measurements of the
tumor size. Differences in initial tumor volumes between groups were
assessed using Kruskal–Wallis test. Pairwise Wilcoxon rank sum test
with Benjamini–Hochberg multiple testing correction was used to
comparedifferences between groupswhen theKruskal–Wallis testwas
significant.

Published drug combination experiments
The data from Narayan et al.13 in vivo experiments were obtained
from the supplementary data available in Tellingen and Menezes62.
We reanalyzed the following in vivo experiments performed in
mice: MDA-MB−23 1 FM triple-negative breast cancer cell model
treated with BRAF inhibitor AZD628 (n = 7), the nucleoside analog
Gemcitabine (n = 7), vehicle (n = 8), or combination of AZD628 +
Gemcitabine (n = 8); BV-173-Gluc chronic myeloid leukemia cell
model treated with ABL inhibitor Imatinib (n = 6), ABL inhibitor
Dasatinib (n = 6), vehicle (n = 6), or combination (n = 6); CHL1 FM
orthotopic melanoma cell model treated with CDK4 inhibitor GCP-
082996 (n = 6), nucleoside analog Gemcitabine (n = 6), vehicle
(n = 6), or combination (n = 6); U87-MG FM orthotopic glio-
blastoma cell model treated with PI3K/mTOR inhibitor GNE-317
(n = 4), microtubule inhibitor Docetaxel (n = 4), vehicle (n = 4), or
combination (n = 4); and U87-MG FM treated with EGFR inhibitor
Osimertib (n = 7), mTORC1/2 inhibitor AZD2014 (n = 7), micro-
tubule inhibitor Docetaxel (n = 7), vehicle (n = 6), or combina-
tion (n = 7).

We reanalyzed the following in vivo experiments with colon can-
cer cell lines engrafted in mice from the supplementary data available
in Jaaks et al.14: LS-1034 treated with TOP1 inhibitor Irinotecan (n = 11),
CHEK1 inhibitor Rabusertib (n = 12), vehicle (n = 6), or combination
(n = 12); SW837 treated with Irinotecan (n = 8), Rabusertib (n = 6),
vehicle (n = 6), or combination (n = 4); and SNU-81 treated with Irino-
tecan (n = 10), Rabusertib (n = 6), vehicle (n = 5), or combination (n = 5).

The data for the in vivo drug combination study using colon PDX
model CR1197 were obtained from Mao and Guo21 paper GitHub
(https://github.com/maobinchen/invivoSyn_manuscript). We reana-
lyzed the in vivo CR1197 experiment evaluating the effect of treatment
with CDK4/6 inhibitor Palbociclib (n = 9), EGFR inhibitor Cetuximab
(n = 8), vehicle (n = 10), or combination (n = 10).

The data for the in vivo experiments performed in MAS98.06
luminal-like breast cancer PDXmodel described inGilfillan et al.22 were
kindly provided by the authors. We reanalyzed the data from the
MAS98.06 PDX model treated with HER3 agonist Heregulin (n = 5),
EGFR agonist EGF (n = 4), HER2 inhibitor Trastuzumab (n = 5), ER
antagonist Fulvestrant (n = 5), vehicle (n = 5), Heregulin + Fulvestrant
combination (n = 8), EGF+ Fulvestrant combination (n = 5), Fulves-
trant + Trastuzumab combination (n = 5), Heregulin + Trastuzumab
combination (n = 6), or Heregulin + Fulvestrant + Trastuzumab com-
bination (n = 5).

All the datasets with the tumor measurements can be found in
Source Data S8.
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SynergyLMM model definition, model selection, and synergy
analysis
To identify the most appropriate model for analyzing each dataset
with SynergyLMM, we fitted models based on both the exponential
and Gompertz tumor growth functions. We then compared their
diagnostic plots and model performance metrics (Supplementary
Table 1). When both models converged successfully and exhibited
satisfactory diagnostics, we selected the model with the lowest Baye-
sian Information Criterion value. Based on this analysis, we used the
exponential growthmodel for all datasets, except for theCHL-1 FMand
MDA-MB-231 FM cancer model, in which the Gompertz model
was used.

To improve model linearity, stabilize variance and approximate
normally distributed residuals, we applied a square root transforma-
tion to the time variable in the MDA-MB-231 FM, BV-173-Gluc, CHL-1
FM, U87-MG FM, CR1197, and 4T1 cancer model datasets.

To address heteroscedasticity, we chose different residual var-
iance structures depending on the dataset. A treatment-specific var-
iance structure was used in the BV-173-Gluc, MDA-MB-231 FM, and
SW837 datasets. A sample-specific variance structure was specified for
the CHL-1 FM, MAS98.06, and LS-1034 datasets, while a time point-
specific variance structure was applied to the U87-MG and SNU-81
datasets.

For more complex variance patterns, we used combinations of
two variance functions. In the U87-MG triple combination dataset,
residual variance was modeled as varying independently across both
individual samples and time points. In the CR1197 dataset, we com-
bined subject-specific heteroscedasticity with a power-of-time var-
iance function. Similarly, in the 4T1 dataset, we combined treatment-
specific heteroscedasticity with a power-of-time variance function.

For those datasets in which the exponential growth model was
used, the statistical assessment of SynergyLMM was performed using
sandwich-based robust estimators with bias-reduced linearization
small sample correction, except for U87-MG Docetaxel-GNE-317
experiment, in which the lack of enough data did not allow the use
of robust estimators.

The synergy/antagonism p values for each day are provided
without adjustments for multiple comparisons (see Supplementary
Information S1). A full description of the models, including the var-
iance structure arguments used in SynergyLMM, is provided in Sup-
plementary Table 2.

Synergy analysis using invivoSyn
We installed the invivoSyn package21 from https://github.com/
maobinchen/invivoSyn. For calculating the median AUC ratio, we
set the parameters to 10000 bootstrap replicates and 95% bias-
corrected and accelerated confidence interval. For calculating the
AUC-based synergy, we set the parameters to 10000 bootstrap
replicates, 95% bias-corrected and accelerated confidence interval,
and we calculate the AUC-based synergy at each time point. By
default, the synergy scores obtained with invivoSyn are provided as
percentages. Therefore, we divided the results by 100 to make them
comparable with the scores from the other methods. The synergy p
values for each day are provided without adjustments for multiple
comparisons.

Synergy analysis using CombPDX
The analysis of in vivo drug combination effects using CombPDX20

was performed in the available web-tool (https://licaih.shinyapps.io/
CombPDX/). CombPDX provides combination indexes on a con-
tinuous scale, where CI < 0, CI = 0, and CI > 0 indicate antagonistic,
additive, and synergistic effects, respectively. Since this scale corre-
sponds to the scale of synergy scores, to evaluate the different
methods, we compared the CI results from CombPDX with the

synergy scores generated by invivoSyn and SynergyLMM. In addition
to the local CI values, we also reported the global CI provided by
CombPDX, which is derived by averaging the local CI values at indi-
vidual time points within the study duration. The synergy p values for
each day are provided without adjustments for multiple
comparisons.

Simulation studies
Exponential growth simulations. We simulated tumor growth data
for a two-drug combination experiment using functions implemented
in SynergyLMM. Theprocedure involves a realistic simulation of tumor
growth following exponential kinetics as specified in Eq. (1). Based on
real animal experiments, we set an initial tumor volume ðTV0Þ of
200mm3, the timeof follow-upwas 30 days,withmeasurements taken
every 3 days, and a sample size of 5 subjects per group. The variability
in tumor volume measurements was simulated by adding random
noise from a normal distributionNð1, σ2Þ, where σ2 was set to 0.15. The
growth rates (β coefficients) for the control, DrugA, andDrugBgroups
were set to 0.08, 0.07, and 0.065 (log RTV

Day), respectively.
For the synergistic effect simulation, the growth rate for the

combination group was set to 0.03 (log RTV
Day). The outlier in this group

was simulated adding a subject in which the tumor growth rate was
0.08 (log RTV

Day).
For the additive effect simulation, the growth rate for the com-

bination group was set to 0.055 (log RTV
Day). Note that this is the value for

the βCombination coefficient that coincides with the null hypothesis for
the Bliss model defined in Eq. (6), i.e., representing additive effect, for
the given βDrugA, βDrugB, and βControl values. The outlier in this group
was simulated by adding a subject in which the tumor growth rate was
−0.01 (log RTV

Day).

Logistic growth simulations. We performed simulation experiments
defining the tumor growth using a logistic growth model:

TV ðtÞ= K

1 + K�TV0
TV0

� e�rt
,

where TV ðtÞ is the tumor volume at time t, TV0 is the initial tumor
volume at t =0, r is the growth rate constant, and K is the carrying
capacity (the maximum tumor volume that can be reached).

Similarly to the exponential model simulations, we set an initial
tumor volume of 200mm3, K was set to 1000mm3, the time of follow-
up was 30 days, with measurements taken every 3 days, and a sample
size of 5 subjects per group. The variability in tumor volume mea-
surements was simulated by adding random noise from a normal
distribution Nð1, σ2Þ, where σ2 was set to 0.1. The growth rates ðrÞ for
the control, Drug A, and Drug B groups were set to 0.25, 0.15, and 0.1,
respectively. For the synergistic effect simulation, the growth rate for
the combination group was set to 0.03. For the additive effect simu-
lation, the growth rate for the combination group was
increased to 0.06.

Model diagnostics
The two main distributional assumptions of linear mixed-effect
models concern the normality of the random effects and the residual
terms63. SynergyLMM offers several diagnostic plots and tests for
checking these assumptions (see Supplementary Methods). We used
Q–Q plots and the Shapiro-Wilk normality test for checking the
normality of the random effects and residuals. Plots of normalized
residuals versus fitted values were examined to evaluate the het-
eroscedasticity of the residuals. Plots of observed versus fitted values
were used to check the adequacy of the model for explaining the
data. Cook’s distances were used as metrics for the influential diag-
nostics, as described in Gałecki and Burzykowski63. A detailed
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description of their implementation in SynergyLMM is provided in
the Supplementary Methods.

Power analysis
For a given tumor growth data, SynergyLMMallows for the calculation
of the post hoc power of the synergy hypothesis testing for Bliss and
HSA models. The power analysis is based on simulations of the
dependent variable, following a similar approach as described in
Gałecki and Burzykowski63. A detailed description of the imple-
mentations is provided in the Supplementary Methods. For the power
analyses presented in the manuscript, the post hoc power was eval-
uated for the Bliss model, using 1000 simulations, and a p value
threshold of 0.05 for the synergy calculation to be considered statis-
tically significant.

The a priori power analysis implemented in SynergyLMM are
based on F-tests of the fixed effects of the model as previously
described63–65. More details about the implementation are provided in
the Supplementary Methods. Power analysis in SynergyLMM is only
available for models built using the exponential growth model, and
therefore, we only performed the power analysis for those (i.e., all
datasets except for CHL-1 and MDA-MB-231 FM).

Ethical statement
The research described complies with all relevant ethical regulations.
The animal experiments were performed in accordancewith protocols
approved by the Institutional Animal Care and Use Committee at the
Center for Cancer Immunotherapy and Immunobiology, Kyoto, Japan,
and the study was approved by the Research Integrity Division, Kyoto
University.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All the datasets used for producing the results in the manuscript are
available as Source Data. All the data and code needed to reproduce all
the results presented in the manuscript are also deposited in the
manuscript GitHub https://github.com/RafRomB/SynergyLMM_
manuscript66. Source data are provided with this paper.

Code availability
SynergyLMM is provided as an open-source R67 package with user
instructions available at https://github.com/RafRomB/SynergyLMM
and The Comprehensive R Archive Network (CRAN) at https://cran.r-
project.org/package=SynergyLMM. Codes to perform the analyses in
the manuscript and reproduce all the figures are available at https://
github.com/RafRomB/SynergyLMM_manuscript66. The SynergyLMM
web-tool is publicly available at https://synergylmm.uiocloud.no/.
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