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Abstract
Purpose  We report on a statistical method for grouping anti-cancer drugs (GRAD) in single mouse trials (SMT). The 
method assigns candidate drugs into groups that inhibit or do not inhibit tumor growth in patient-derived xenografts (PDX). 
It determines the statistical significance of the group assignments without replicate trials of each drug.
Methods  The GRAD method applies a longitudinal finite mixture model, implemented in the statistical package PROC 
TRAJ, to analyze a mixture of tumor growth curves for portions of the same tumor in different mice, each single mouse 
exposed to a different drug. Each drug is classified into an inhibitory or non-inhibitory group. There are several advantages 
to the GRAD method for SMT. It determines that probability that the grouping is correct, uses the entire longitudinal tumor 
growth curve data for each drug treatment, can fit different shape growth curves, accounts for missing growth curve data, 
and accommodates growth curves of different time periods.
Results  We analyzed data for 22 drugs for 18 human colorectal tumors provided by researchers in a previous publication. 
The GRAD method identified 18 drugs that were inhibitory against at least one tumor, and 10 tumors for which there was 
at least one inhibitory drug. Analysis of simulated data indicated that the GRAD method has a sensitivity of 84% and a 
specificity of 98%.
Conclusion  A statistical method, GRAD, can group anti-cancer drugs into those that are inhibitory and those that are non-
inhibitory in single mouse trials and provide probabilities that the grouping is correct.

Keywords  Drug screening · Chemotherapeutic drugs · Statistical classification · Finite mixture model · Antitumor

Introduction

Several model systems have been utilized for the pre-clini-
cal evaluation of anti-cancer drugs. These include cell lines 
derived from multiple tissue types [1, 2], single tissue types 

grown in 2D or 3D cultures [3, 4], stem cell-derived orga-
noids [5–7], genetically engineered mice [8, 9], cell-line 
derived mouse xenografts [10], and patient-derived tumor 
xenografts (PDX) [11, 12].

Although each model system has advantages and limi-
tations, PDX models promise to offer several advantages. 
Among these are that the tumor cells grow in a mammalian 
host, and that the tumor response can be tested after a mini-
mal number of passages to avoid tumor evolution [13]. The 
effect of candidate drugs on the inhibition of tumor growth 
can be monitored by measuring tumor volume over time. 
Also, possible adverse side effects on the health of the host 
can be monitored in live animals by measuring physiological 
parameters such as body weight.

PDX models have been developed to test the inhibitory 
effect of drugs against tumors from a specific tissue. Exam-
ples include tumors from lung [14], colon [15–18], liver 
[19], blood [20], breast [21], ovary, pancreas, and stomach. 

Electronic supplementary material  The online version of this 
article (https​://doi.org/10.1007/s0028​0-019-03942​-y) contains 
supplementary material, which is available to authorized users.

 *	 David E. Axelrod 
	 axelrod@biology.rutgers.edu

1	 Department of Genetics and Human Genetics Institute, 
Rutgers, The State University of New Jersey, 145 Bevier 
Road, Piscataway, NJ 08854‑8082, USA

2	 Department of Genetics and Rutgers Cancer Institute of New 
Jersey, Rutgers, The State University of New Jersey, 604 
Allison Road, Piscataway, NJ 08854‑8082, USA

http://orcid.org/0000-0003-2945-1748
http://orcid.org/0000-0002-0912-3870
http://crossmark.crossref.org/dialog/?doi=10.1007/s00280-019-03942-y&domain=pdf
https://doi.org/10.1007/s00280-019-03942-y


1168	 Cancer Chemotherapy and Pharmacology (2019) 84:1167–1178

1 3

Other studies have considered tumors from multiple different 
tissues [22, 23].

Commercial companies have developed xenograft mod-
els to test their own drugs that are in development, such 
as Novartis’ Institute for Biomedical Research PDX Ency-
clopedia [23]. Other companies have developed xenograft 
models to test drugs on a contract basis, such as Charles 
River Laboratories [24], Jackson Labs [25], CrownBio [26], 
Champions Oncology [27], and XenTech [28].

Non-commercial PDX repositories include the following: 
the EuroPDX Consortium; IMODI Cancer, a consortium to 
develop new experimental models; PRoXe Public Reposi-
tory of Xenografts; the National Cancer Institute’s repository 
of patient-derived models (PDMR); PDX Net Consortium; 
and PPTC, the Pediatric Preclinical Testing Consortium 
of the Children’s Oncology Group (COG) cell culture and 
xenograft repository. Continued activity in pre-clinical drug 
screening using PDX models is expected in this area since 
the National Institutes of Health announced funding for new 
centers to develop PDX models for the pre-clinical testing 
of drugs and for the coordination of the large-scale data 
analysis.

Inhibition of tumor growth by a drug in PDXs is typi-
cally determined in the following experimental design: a 
biopsy is engrafted in a mouse, and after it takes, portions of 
the tumor are implanted in 5–10 genetically identical mice 
treated with the same drug, and a similar number of mice 

not treated with the drug. Tumor volume measurements are 
made every few days for three or more weeks. Then the 
tumor growth inhibition is determined by comparing the 
drug-treated and non-drug-treated tumor volumes at one 
time point, or longitudinally at multiple time points.

Several formulae for calculating a difference, or ratio, at 
one time point have been proposed. These include: a tumor 
growth index [29–32]; percent tumor growth inhibition and 
percent tumor regression [33]; time to tumor failure [34]; 
and the Response Evaluation Criteria in Solid Tumors, 
RECIST [30, 35]. For experiments that record data at a sin-
gle time point, a two-sample t test or an Analysis of Variance 
(ANOVA) (for more than two groups) is applied to the data 
to determine if there are differences in the sample means.

Also, tumor inhibition has been evaluated using longitu-
dinal data rather than data recorded at just one time. Some 
published methods include: using data at two time points to 
calculate a tumor control index [36], comparing the areas 
under the growth curves [37], fitting non-parametric splines 
[38], fitting exponential curves [39–42], computing the 
BestAvgResponse [23], or applying classical mathematical 
models to describe tumor growth [42].

An alternative to the experimental design that uses 
multiple mice is the single mouse trial (SMT) (Charles 
River Oncotest [24]) (Fig. 1). This type of trial also goes 
by the names “Clinical Mouse Trial” (CrownBio) [26] and 
“1 × 1 × 1” (one mouse, one drug, one tumor type) (Novartis) 

Fig. 1   Drug screening using patient-derived tumor xenografts (PDX) 
in single mouse trials. For each patient (patient 1100 or patient 2200), 
a tumor (represented by a black circle or black triangle) is removed 
and engrafted in a mouse. After the tumor has grown in the mouse, 
portions are implanted in several different mice. Mice with pieces 
of tumor from the same patient are collectively referred to as a PDX 
model for the same human tumor (e.g., Mouse Model PDX-1100). 

Each single mouse with a piece of the same tumor has a different 
drug treatment. Tumor volumes are measured at different time points 
to determine tumor growth. In each mouse, the tumor volume may 
increase, remain the same, or decrease. Statistical analyses described 
in “Methods” section are used to determine if a drug inhibits tumor 
growth
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[23]. The SMT has a cost advantage for drug screening 
because data about many drugs can be obtained with fewer 
mice.

For the single mouse trials there is an issue that needs to 
be addressed. Specifically, how representative are the tumor 
growth data that are being collected and analyzed? With a 
single mouse trial for each drug, the variance of the tumor 
growth trajectory cannot be estimated, since n = 1.

Other issues with SMTs include that the observed tumor 
growth curves over time may be non-linear and/or non-
monotonic, making analysis based on any one time less than 
fully informative (Fig. 2). Also, there may be missing data 
in any one growth curve, different ranges of times for differ-
ent mice, and different single times chosen for comparison. 
Also, with an n = 1, it is challenging to estimate the confi-
dence of any conclusion.

Here we propose a new method to evaluate a panel of 
drugs for their inhibition of tumor growth and for their possi-
ble adverse side effects on the health of the host animal. The 
method is appropriate to evaluate the kind of experimental 
data that are collected when screening drugs in PDX models 
in SMTs. We call this method GRAD, for GRrouping Anti-
cancer Drugs. This work comes under the general heading 
of finite mixture model analysis [43–45]. In this work, we 
apply the PROC TRAJ subroutine in the statistical applica-
tion SAS [46–48]. The goal of this analysis is classification 
of each drug treatment as inhibitory or non-inhibitory for a 
given tumor model.

As a demonstration, we use the GRAD method to analyze 
longitudinal data for the growth of 18 different human colo-
rectal tumors in mice, each tumor exposed to 22 different 
drug treatments. The GRAD method assigns each drug into 
a group that is effective, or a group that is not effective, in 
inhibiting tumor growth in single mouse trials. And it pro-
vides a probability that the assignment is correct.

Methods

We give a brief description of the experimental method to 
obtain data in a SMT and how it differs from a conven-
tional multiple mouse trial. This is followed by a step-by-
step description of the GRAD method to analyze the data. 
Definitions and further detailed statistical and computational 
methods are provided in a Supplement.

In a single mouse trial, a patient-derived tumor xenograft 
(PDX) is divided into several different mice. Each mouse 
is exposed to a different drug and the corresponding tumor 
growth curves are measured over time (Fig. 1). The goal 
is to classify each drug into a group of drugs that inhibit 
tumor growth or a group that does not. This is achieved by 
comparing several tumor growth curves with each other. The 
GRAD method of Grouping Anti-cancer Drugs determines 
the most parsimonious number of groups by applying a lon-
gitudinal finite mixture model. This requires several steps 
listed below. Each of these groups has a trajectory that is 
described by a polynomial equation. The coefficients of the 
equation indicate if the trajectory of the group increases or 
does not increase with time. If a drug is in a group that does 
not increase with time, the drug is considered to be inhibi-
tory for tumor growth.

Conventional multiple mice trials differ both in experi-
mental design and in analysis of data. Typically, in conven-
tional mouse trials of a drug, 5–10 tumor-bearing mice are 
treated with the same drug and another 5–10 mice bearing 
the same tumor are treated with a vehicle as a control. The 
tumor growth curves are measured over time. The tumor 
volume averages and standard deviations of the treated and 
control groups at a single time are compared. A statistical 
test, such as a t-test, is used to determine if the tumor growth 
curves of the drug-treated and untreated mice are signifi-
cantly different. If so, then the drug may be considered to 
be inhibitory.

In single mouse trials there is no “average” and no “stand-
ard deviation” of the single tumor growth curve in the single 
mouse treated with a single drug. Therefore, a different sta-
tistical method is required to determine if a drug is inhibi-
tory. Instead of comparing multiple drug-treated growth 
curves with multiple untreated growth curves at a single 
time, a longitudinal finite mixture model is used to com-
pare all drug-treated growth curves. The drug treatments 

Fig. 2   Assessing tumor growth curves at a single time may be insuf-
ficient. Tumor growth curves of model X-0933 with the symbols: 
untreated (open circle) and treated (closed circle). At 7 and 14 days, 
the treated tumor volume is less than the untreated tumor volume. 
However, at 21 and 28 days the treated tumor volume is greater than 
the untreated tumor volume
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are then classified into inhibitory and non-inhibitory groups. 
The finite mixture model we employ is implemented with 
the PROC TRAJ package in the SAS statistical application.

The steps of the GRAD method for Grouping Anti-cancer 
Drugs are illustrated in Fig. 3 and described below.

1.	 Determine drug treatments that are non-toxic by mouse 
weight and tumor size.

Retain non-toxic drug treatments.
Remove from further consideration drug treatments 

where tumor size indicates clinical signs of morbidity, 
including tumor weight loss greater than 10% of body 
weight, and any tumor dimension exceeding 20 mm [49]. 
Such drug treatments are referred to as vehicle-like.

2.	 Determine the optimal number of groups of growth 
curves.

Tumor growth curves may be classified into one group, 
two groups, or three groups, hereafter referred to as the 
number of groups. To determine the optimal number of 
groups, the output of the statistical package PROC TRAJ 
for each of the possible number of groups are compared. 

The output for each number will include values for the fol-
lowing parameters: the percent of growth curves in each 
group, the p-value for the percentage of growth curves 
in each group, the coefficients of a polynomial equation 
for the trajectory of each group, the Bayesian Posterior 
Probability (BPP) for each growth curve assigned to each 
group, and the Bayesian Information Criterion (BIC) for 
the specific number of groups.

The optimal number of groups will have the follow-
ing characteristics: all parameters can be estimated, group 
percentages will be greater than 5% with all percentage 
p-values less than 0.10, at least one drug treatment can be 
placed into a group (with BPP > 0.9), and it will have the 
largest BIC value of one, two, or three groups.

The result will be a specified optimal number of groups 
of growth curves.

3.	 Determine the trajectory of each group of growth curves.

The trajectory of each group of growth curves is 
described by the coefficients of a polynomial equation 
determined by PROC TRAJ. The trajectory of each group 
may increase over time, remain constant, or decrease.

Fig. 3   Flow chart illustrating the GRAD method
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4.	 Determine drug treatments that are inhibitory or non-
inhibitory.

Drug treatments whose growth curves are in a group 
whose trajectory is constant or decreases over time are 
considered inhibitory. Drug treatments whose growth 
curves are in a group whose trajectory increases are con-
sidered non-inhibitory.

5.	 The result is a list of drugs, grouped into those that are 
effective and those that are non-effective.

Effective drugs are defined as those that are both inhibi-
tory for tumor growth and are non-toxic in single mouse 
trials.

Results

Example tumor model X‑0933

We analyzed tumor growth curves for 18 human colorectal 
tumors treated with 22 drugs in single mouse trials, using 
data provided by Gao et al. [23]. As an example we describe 
the results of our analysis using the drug treatments for 
tumor model X-0933. Details of the computational and sta-
tistical methods are provided in “Supplement”.

All of the drug-treated tumor growth curves are shown 
in Fig. 4a, where the Tumor Volume (% difference) is plot-
ted as a function of time in days. Inspection is insufficient 
to objectively classify all curves as either inhibitory or 
non-inhibitory.

Tumor growth curves for drug treatments that were non-
toxic (retained more than 90% of their initial weight at all 

Fig. 4   Protocol for identifying effective drug treatments. Drug treat-
ments are considered to be effective if they are non-toxic to mice 
and they inhibit tumor growth. Drugs are evaluated in three succes-
sive steps. In this example, 22 mice each with the PDX tumor model 
X-0933 were exposed to 22 different drug treatments. Tumor vol-
umes (percent difference from initial volume) were plotted as a func-
tion of time in days. a Tumor growth curves for mice exposed to all 
22 drug treatments, including 21 candidate drugs and one vehicle 
as an untreated control. b Tumor growth curves for drugs that were 
non-toxic to mice. c Tumor growth curves for drugs that were non-

toxic, and in addition, that were substantially different than the tumor 
growth curves of the vehicle exposed mice. The tumor growth curves 
in panel c were analyzed by the PROC TRAJ statistical procedure and 
separated into three groups, panels d, e and f. Drug treatments result-
ing in growth curves in panel d (Group 1) were classified as inhibi-
tory because of the estimated constant trajectory and the sufficiently 
high BPP values. Drug treatments resulting in growth curves in 
panels e and f (Groups 2 and 3, respectively) were classified as non-
inhibitory because of the estimated positive trajectories and the suf-
ficiently high BPP values
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times) are shown in Fig. 4b. Those curves for drug treat-
ments that were both non-toxic and not vehicle-like are 
shown in Fig. 4c.

The retained drug-treated tumor growth curves were clas-
sified into three trajectory groups using the procedure PROC 
TRAC in the statistical package SAS. The number three was 
determined since the Bayesian Information Criterion (BIC) 
for three groups (− 1188.39) was greater than the BIC for 
two groups (− 1252.33) and for one group (− 1308.06).

The coefficient estimates for the polynomials describing 
the group-specific trajectory curves are shown in Table 1. 
The equations for Groups 1, 2, and 3 are the following:

Tumor Volume (% difference) ≈ − 18.3291,
Tumor Volume (% difference) ≈ − 16.8454 + 0.0294 t,
Tumor Volume (% difference) ≈ − 1.6899t + 0.0599 t2,
where t is time units measured in days. In the supplement, 

we use the notation TumorVol%Δ(t). Coefficients with cor-
responding p-values greater than 0.10 are omitted.

The equations for the trajectory curves for Groups 2 and 3 
have positive coefficients, indicating that the tumor volumes 
increase over time. Therefore, drugs in these groups are not 
inhibitory. The equation for trajectory Group 1 has only one 
significant coefficient (for the intercept), indicating that the 
tumor volumes do not increase over time.

Using the procedure described in the “Methods” sec-
tion, we determined that the optimal number of groups for 
the X-0933 tumor model is three.

In Table 2, we provide BPPs that a given drug treat-
ment is in Group 1, 2, or 3. We see that 17/22 ≈ 77% of 
the drug treatments were retained after Step 1 (Methods). 
Of the 17 drug treatments, 15 had BPPs that were greater 
than 0.90 for at least one of the three groups, and hence 
by GRAD criteria, are classified as being either inhibitory 
or non-inhibitory.

Tumor growth curves for specific drug-treatment subsets 
of the X-0933 tumor model are presented in panels Fig. 4a–f. 
Briefly, Fig. 4a is for all drug treatments, Fig. 4b is for those 
that are non-toxic, Fig. 4c are those in Fig. 4b that also are 
not vehicle-like. Figure 4 (panels d, e, and f) display those 
growth curves from Fig. 4c for Groups 1, 2, and 3, respec-
tively, as determined by the GRAD method.

For Group 1, that contains inhibitory treatments accord-
ing to Table 1, the inhibitory drug treatments are CLR457, 
CKX620, BYL719 + cetuximab + encorafenib, and 
BYL719 + binimetinib. From the results of Table 2, we see 
that all four of these drug treatments have BPP equal to 1.00 
for being in Group 1. Note that LFW527 + binimetinib is not 
classified as inhibitory by GRAD, since the BPP for it being 

Table 1   Summary of trajectory 
curve information produced by 
PROC TRAJ

Here, we present PROC TRAJ output when fitting tumor trajectory curves of model X-0933 data with 
quadratic equation coefficients. We specify g = 3 groups. The trajectory curve for Group 1 has only one 
significant coefficient (for Intercept), indicating that tumor volumes are constant over time. Therefore, drug 
treatments that are in this group are considered to be inhibitory. The trajectory curves for Groups 2 and 3 
have significant positive quadratic coefficients, indicating that the tumor volumes continued to increase, 
and, therefore, the drug treatments in these groups are considered to be non-inhibitory. Groups 1, 2, and 3 
have 28, 25, and 47% of the drug treatments, respectively, based on Group membership values. The Bayes-
ian Information Content (BIC) for g = 3 groups is − 1188.39 (N = 248)

The SAS System 
Maximum likelihood estimates
Model: censored normal (CNORM)

Group Parameter Estimate Standard error t Statistic for H0:
Parameter = 0

Prob > |t|

1 Intercept − 18.3291 6.36754 − 2.879 0.0043
Linear − 0.13735 0.30067 − 0.457 0.6482
Quadratic 0.00339 0.00302 1.122 0.2628

2 Intercept − 16.84541 8.08897 − 2.083 0.0383
Linear − 0.20336 0.50699 − 0.401 0.6887
Quadratic 0.02937 0.00717 4.098 0.0001

3 Intercept 1.62395 7.04741 0.230 0.8179
Linear 1.68991 0.98082 1.723 0.0861
Quadratic 0.05988 0.02888 2.073 0.0392
Sigma 23.81645 1.09708 21.709 0.0000

Group membership
1 (%) 27.99185 11.54991 2.424 0.0161
2 (%) 25.43935 11.31270 2.249 0.0254
3 (%) 46.5688 12.53946 3.714 0.0003
BIC = − 1188.39 (N = 248) BIC = − 1172.31 (N = 17) AIC = − 1167.31 L = − 1155.31
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in Group 1 is 0.758, which is less than 0.90. We observe 
tumor growth curves for these drug treatment in Fig. 4d.

Group 2 contains non-inhibitory treatments according 
to Table 1. The treatments are cetuximab + encorafenib, 
BYL719 + encorafenib, BYL719, and BKM120. Using 
Table 2, we see that, as with the inhibitory drug treatments 
in Group 1, all four of these drug treatments have BPP equal 
to 1.00 for being in Group 2. Growth curves for these drug 
treatments are presented in Fig. 4e.

The drug treatments in Group 3 are non-inhibitory 
treatments according to Table  1. The treatments are 
LKA136, LEE011, encorafenib, CGM097, cetuximab, 
BYL719 + cetuximab, BKM120 + LJC049, and binimetinib. 
All of these drug treatments have BPP equal to 1.00 for 
being in Group 3, with the exception of encorafenib. This 
drug treatment has a BPP equal to 0.92 for being in Group 
3. The growth curves are presented in Fig. 4f.

All tumor models

Eighteen tumor models and the drugs that were effective 
against each are shown in Table 3. A drug was considered 
effective if the tumor had non-positive growth and it was 
non-toxic. Fifty-six percent (10/18) of the tumor models 
were effectively treated by more than one drug, and eight of 
the models were not effectively treated by any of the drugs 

tested. Three of the models were effectively treated by the 
least number of drugs, two, and two models were effectively 
treated by the most number of drugs, seven. This result sug-
gests that application of our GRAD method can discover 
more than one effective drug treatment for some tumors.

Over all tumor models for which there was at least one 
effective drug treatment (sample size of ten), the number 
of effective drug treatments ranged from two to seven. 
The mean, median, and mode numbers were 4.43, 4, and 
2. Examples include model X-2145, for which two drug 
treatments each were effective as single treatments, namely 
CLR457 and binimetinib. Model X-1119 was not effectively 
treated by drug BYL719 alone, but was effectively treated 
by BYL719 in combination with LJM716, or BYL719 in 
combination with encorafenib. Model X-1167 had four 
drug treatments that were effective, including CKX620 that 
was effective as a single drug; BYL719 + binimetinib that 
was effective as a combination of two drugs; and cetuxi-
mab + BYL719 + encorafenib that was effective as a combi-
nation of three drugs.

All drug treatments

There were 22 drug treatments tested, some singly and oth-
ers in combination. Eighty-one percent (18/22) of the drug 
treatments were effective for at least one tumor model, and 

Table 2   Bayesian Posterior 
Probabilities (BPPs) that a 
given drug treatment is in a 
particular tumor trajectory 
group for tumor model X-0933, 
as determined by PROC TRAJ

Using information from Table 1, we report PROC TRAJ output when computing the BPPs for all model 
X-0933 drug treatment data with g = 3 groups. The column headings are defined as follows: BPP-
Grp0x = Bayesian Posterior Probability of the given Drug Treatment Name for trajectory group x (x = 1, 2, 
or 3). Group = Group assignment, computed as the maximum of the three BPP values. Note: Ninety-four 
percent (16/17) drug treatments have BPPs greater than 0.90 for one of the three groups

Drug treat-
ment index 
#

Drug treatment name BPP–Grp01 BPP–Grp02 BPP–Grp03 GROUP

2 LKA136 0 0 1 3
4 LFW527 + binimetinib 0.758 0.242 0 1
5 LEE011 0 0 1 3
7 Encorafenib 0 0.077 0.923 3
8 CLR457 1 0 0 1
9 CKX620 1 0 0 1
10 CGM097 0 0 1 3
11 Cetuximab + encorafenib 0 1 0 2
12 Cetuximab 0 0 1 3
14 BYL719 + encorafenib 0 1 0 2
15 BYL719 + cetuximab + encorafenib 1 0 0 1
16 BYL719 + cetuximab 0 0 1 3
17 BYL719 + binimetinib 1 0 0 1
18 BYL719 0 1 0 2
19 BKM120 + LJC049 0 0 1 3
20 BKM120 0 1 0 2
21 Binimetinib 0 0 1 3
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four were not effective for any model. Fifty-five percent 
(12/22) were effective for more than one tumor model. 
Twenty-seven percent (6/22) were effective for exactly one 
tumor model. One drug treatment, CKX620, was effective 
for the most number of tumor models, six.

It might be expected that combinations of drug treat-
ments would be more effective than single drug treatments. 
This was observed, for example, for encorafenib and cetux-
imab. Each was not effective singly against model X-5438, 
but they were effective in combination. Another example 
occurs for the drugs encorafenib, cetuximab, and BYL719. 
They were not effective singly, or in any double combina-
tion against model X-1167, but were effective in the triple 
combination (Table 3).

The drug 5FU was effective for only one of the 22 
models, X-1290. The drug treatment 5FU, or its precursor 
Capecitabine, has been used clinically for decades. It is 
recommended for colon cancer patients [50]. However, 
5FU was not classified as effective in 21 treated colorectal 

tumor models because it did not inhibit tumor growth or it 
was toxic to mice, or both.

One exception was noted. Without treatment with a drug 
(intended as an “untreated” control, vehicle), the tumor 
model X-5438 did not grow and, therefore, was classified as 
if the “treatment” was inhibitory. This one exception indi-
cates the need for replication [51]. Specifically, it would be 
strongly advised that researchers confirm conclusions from 
screening by single mouse trials with additional observa-
tions of multiple mice.

Sensitivity and specificity

In this context, sensitivity is the proportion of true effective 
treatments that are classified as being effective by the GRAD 
method. Similarly, specificity is the proportion of true non-
effective treatments that are classified as being non-effective 
by the GRAD method.

Table 3   Effective drug treatments for each tumor model

Drug treatments that were effective for given tumor models are indicated with gray cells. We have removed the “X-” from each tumor model due 
to space consideration. For example, the second tumor model, labeled with column heading “1055” corresponds to the tumor model X-1055
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We estimate, through simulation, how frequently the 
GRAD method can identify effective drug treatments when 
they exist (sensitivity), and how frequently the method can 
identify non-effective treatments when there are no effective 
treatments (specificity).

More specifically, we randomly generated a set of longitu-
dinal data replicates where a portion of the drug treatments 
were effective. Separately, we generated a set of replicates 
where all of the drug treatments were non-effective. Every 
replicate in the first set is labeled a true positive, and every 
replicate in the second set is labeled a true negative.

Parameters for the first set of simulations were drawn 
from tumor model X-5438. We concluded from the results 
of Table 3 that a portion of the 22 drug treatments were 
effective for this tumor model. Parameters for the second set 
were drawn from tumor model X-5254. By GRAD, no drug 
treatment was effective for this tumor model.

For each model, we simulated 500 replicates based on 
these parameter settings. We then applied GRAD to each 
replicate. For the sensitivity analyses, we scored a replicate 
as being a “positive” (effective) if GRAD identified at least 
one effective drug treatment. For the specificity analyses, 
we scored a replicate as being a “negative” (non-effective) if 
GRAD identified all drug treatments as being non-effective.

Sensitivity was computed as the proportion of the 500 
replicates that were labeled positive by GRAD. Specificity 
was computed as the proportion of the 500 replicates that 
were labeled negative by GRAD.

The GRAD method sensitivity was 84% (80.5%, 87.1%) 
and its specificity was 98% (96.4%, 99.0%). The 95% con-
fidence interval values, presented in parentheses, were 
computed using the method implemented in the BINOM 
program [52].

Discussion

We have developed a statistical method for analyzing data 
obtained in pre-clinical screening of candidate chemothera-
peutic drugs. The method, Grouping Anti-cancer Drugs 
(GRAD), evaluates drugs based on their ability to inhibit 
human tumors growing in single mouse trials (SMTs) of 
patient-derived tumor xenografts (PDXs). In this experimen-
tal design, a series of mice carrying portions of the same 
human tumor are each exposed to a different drug treatment, 
one drug treatment per mouse, without replicates. The data 
consist of measurements of tumor size and mouse body 
weight obtained at multiple time points.

The experimental design of SMTs is intended as a screen-
ing procedure with minimal costs compared to experimental 
designs that have replicate mice exposed to the same drug. 
The purpose of each experimental design is to distinguish 
drugs that may inhibit human tumors, from those drugs that 

may not inhibit human tumors. However, the measurements 
obtained in SMTs present several challenges for data analy-
sis. One challenge is not having replicate observations of 
multiple mice exposed to the same drug. Also, the tumor 
growth curves may not be monotonic, or there may be meas-
urements missing at some times. In addition, the overall time 
periods may be different for tumor growth curves in different 
mice.

Nevertheless, the growth curves of the same human tumor 
exposed to a number of different drugs in different mice 
offer the opportunity to apply a statistical method that can 
objectively group drugs into those that inhibit tumor growth 
and those that do not. We determine drugs as being inhibi-
tory if and only if their corresponding tumor trajectory curve 
is non-positive (constant, linear with a negative slope, or 
quadratic concave down). Likewise, we determine drugs as 
being non-inhibitory if and only if their corresponding fitted 
tumor trajectory curve is positive (linear with positive slope, 
or quadratic concave up).

To determine groups of drugs that are either inhibi-
tory or not, the GRAD method uses finite mixture mod-
eling [43–45]. The group-based modeling of longitudinal 
data complements previously used hierarchical modeling 
and latent curve analysis. Finite mixture models can han-
dle missing data, irregularly spaced measurements, tumor 
growth curves of different lengths, and multiple different 
non-monotonic growth curves. These models have proved 
informative for analysis with various kinds of longitudinal 
data [53–56].

A key feature of the finite mixture model is that the set of 
tumor growth curves is composed of distinct groups. Each 
group of similar growth curves is described by a polyno-
mial whose coefficients are estimated by maximum likeli-
hood using the EM algorithm [57]. The probability that each 
tumor growth curve belongs to a group is determined by 
its Bayesian Posterior Probability. We have demonstrated 
the utility of finite mixture modeling for analysis of SMT 
data through application of the PROC TRAC procedure 
implemented in the SAS software. An introduction to PROC 
TRAC and the description of further developments have 
appeared. Other implementations of finite mixture models 
include Mplus [58], and packages in R [59, 60].

To classify a drug as “effective” we use a decision rule 
with two criteria: (i) the drug inhibits tumor growth, and 
(ii) it is non-toxic to the host. Drugs are considered to 
be inhibitory if their estimated tumor trajectories do not 
increase over time. Drugs are considered non-toxic if the 
mice continue to be healthy. A mouse is considered to be 
healthy if it loses no more than 10% of its initial residual 
weight at any time. Residual mouse weight is calculated 
as the difference of the measured weight of the mouse 
with the tumor and the weight of the tumor. The weight of 
the tumor is calculated from the measured volume of the 
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tumor, as described in the Supplement. The 10% threshold 
of weight loss is consistent with welfare guidelines for the 
use of animals in research [61] and the report that human 
cancer patients who lose more than 10% of their weight 
have a worse prognosis [62].

The effect of various drugs on tumor growth has previ-
ously been determined in different ways, either by compar-
ing the tumor size measured at a single time, or by compar-
ing entire growth curves obtained by measuring tumor size 
at multiple time points [63, 64]. Using tumor size at a single 
time discards most of the measurements and may lose the 
information about the entire growth curve. Also, single time 
comparisons may lose the ability to predict future tumor 
growth. By contrast, growth curves can be compared using 
statistical methods that use data on multiple time points. 
For instance, assuming exponential growth, logarithmic 
equations can be used to compare growth curves. Without 
assuming a parametric fit, growth curves can be compared 
by considering the area under each curve.

The GRAD method of grouping candidate anti-cancer 
drugs differs from methods that compare drug-treated tumor 
growth and control non-drug-treated tumor growth. GRAD 
does not depend on comparison of various drugs with a con-
trol. Rather it uses all of the tumor growth curves and groups 
those that are inhibitory versus those that are not inhibitory. 
In this way it overcomes one of the limitations of the SMT, 
in having only one control growth curve to which all of the 
other single drug growth curves are compared.

When using finite mixture models that employ the EM 
algorithm, one should be aware that there are situations 
where the algorithm may not converge, that is, one cannot 
obtain maximum likelihood estimates of the coefficients 
for the fitted trajectory polynomials. This situation tends to 
occur when one attempts to fit more parameters.

Based upon analysis of the experimental data generously 
provided by Gao et al. [23], we make several suggestions for 
future single mouse trials. One suggestion is that the interval 
and the length of time that each mouse is observed should 
be consistent, within the limitations of the mouse health. 
Second, once an experimental design is established for one 
drug, it should be followed for the other drugs to which it is 
being compared. Third, although the finite mixture model 
and GRAD procedure do not compare growth curves from 
drug-treated mice with growth curves from untreated mice, 
as in conventional mouse trials, it is necessary to establish 
the limit of tumor size that an untreated mouse can tolerate.

In conclusion, we describe a statistical method, GRAD, 
for GRouping Anti-cancer Drugs. This method identifies 
groups of drugs in patient-derived tumor xenograft single 
mouse trials that are effective, and those that are not, with 
potentially high sensitivity and specificity. By effective, we 
mean that the drugs inhibit tumor growth and are non-toxic 
to the mice. The GRAD method uses a finite mixture model 

implemented with the PROC TRAJ procedure in the statisti-
cal application SAS.
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