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A pressing and unresolved topic in cancer research is how tumours grow in the absence of treatment.
Despite advances in cancer biology, therapeutic and diagnostic technologies, there is limited
knowledge regarding the fundamental growth and developmental patterns in solid tumours. In this ten
year study, we estimated growth curves in Tasmanian devil facial tumours, a clonal transmissible cancer,
in males and females with two different karyotypes (diploid, tetraploid) and facial locations (mucosal,
dermal), using established differential equation models and model selection. Logistic growth was the
most parsimonious model for diploid, tetraploid and mucosal tumours, with less model certainty for
dermal tumours. Estimates of daily proportional tumour growth rate per day (95% Bayesian Cls) varied
with ploidy and location [diploid 0.016 (0.014-0.020), tetraploid 0.026 (0.020-0.033), mucosal 0.013
(0.011-0.015), dermal 0.020 (0.016-0.024)]. Final tumour size (cm3) also varied, particularly the upper
credible interval owing to host mortality as tumours approached maximum volume [diploid 364 (136—
2,475), tetraploid 172 (100-305), dermal 226 (134-471)]. To our knowledge, these are the first empirical
estimates of tumour growth in the absence of treatment in a wild population. Through this animal-
cancer system our findings may enhance understanding of how tumour properties interact with growth
dynamics in other types of cancer.

The propagation of cells in neoplastic diseases is driven by deregulation of control in cell proliferation, as well as
several of the energetic and metabolic steps necessary to fuel cell growth and division® 2 Furthermore, the con-
trol of tumour development and growth rate depends on dynamic interactions and feedback processes with the
host immune system, cell-mediated mechanisms and molecular evolutionary events®=. Thus, understanding the
mechanistic dynamics of the tumour and the host and how they influence tumour growth is a major challenge.
Mathematical models of tumour growth rates have been mostly focused on understanding the quantitative theory
of increase in tumour volume?®, tumour response to radiation therapies and modelling the growth and evolution
of subpopulations of cells’™. In a recent study, Gerlee'® reviewed the historical development of tumour growth
laws, from the early view of exponential growth to more complex models that take into account structural and
biological attributes of tumour cells. However, most studies have been based on quantitative theory and have
not used empirical data on tumour growth rates. Providing empirical data from naturally occurring neoplastic
diseases in the absence of treatment has been until now a difficult task. In that sense, cancers in wildlife can be
regarded as useful study systems to understand mechanistic and quantitative attributes of tumour cells. Wildlife
cancers, and particularly transmissible cancers, have been increasingly recognised as a new threat to conservation
and biodiversity'! 2. In most cancers the tumour dies and disappears within its hosts. However, in transmissible
cancers the tumour cells are the infectious agent and are transmitted as a clonal cell line across hosts. Studying
the developmental progression of tumours in transmissible cancers provides a unique opportunity for under-
standing growth rate theory and has useful applications for understanding tumour development in human and
non-human cancers.
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Evaluating the ecological significance of oncogenic phenomena, their epidemiology and prevalence in the
wild is a challenging task'". This is because most cancers in wildlife are difficult to study as their clinical signs are
usually imperceptible (e.g. internal tumours and therefore detected only in post mortem examinations) and in
many occasions affected animals die unseen or are preyed upon before clinical signs appear'’. The emerging view
of cancers, from an evolutionary and ecological perspective, is that they are a collection of heterogeneous cells
that evolve in tumour microenvironments with complex ecological processes" > 1. Hence, evolutionary theory
and mathematical modelling are becoming important tools to understand the ecology of cancers and factors
associated with the stimulus and suppression of tumour growth rates'* !°. Establishing tumour growth curves for
transmissible cancers in wildlife may help to determine optimal time periods for transmission, predict disease
progression and survival after infection. In addition, assessing tumour growth dynamics and cancer progression
may be used in more complex models for estimating the likelihood of metastasis.

Tasmanian devil facial tumour disease (DFTD) is a rare transmissible cancer threatening its unique host,
the Tasmanian devil (Sarcophilus harrisii)'® 7. The tumour has a neuroendocrine origin'® and is transmitted
as a clonal cell-line by direct inoculation of live tumour cells when animals bite each other'® . Since its emer-
gence two decades ago, DFTD has evolved into several karyotypic sublineages®' and new evidence suggests that
diploid tumours are associated with higher transmission rate, prevalence and population effects than tetraploid
tumours?. Tetraploidy has been found to reduce cell proliferation and tumour growth rates®* 4. Devil facial
tumours provide a unique opportunity to empirically evaluate tumour growth theory in the wild. Unlike most
cancers, DFTD is not subject to treatment so repeat measures can be made across differing ploidy and facial
locations. Furthermore, understanding how tumour growth rates vary between different karyotypic lineages may
provide a framework to scale results from experiments in model organisms up to humans, as well as providing
realistic growth trajectories to parameterise numerical models.

In this study, we provide the first empirical estimates for growth rates of diploid and tetraploid Tasmanian
devil facial tumours in a natural and untreated population, and fit the data to numerical models to identify the
most parsimonious growth functions. We discuss the implications of our results for calculating growth dynamics
in solid tumours and for understanding the role of tumour karyotype in growth rates. We contextualise our find-
ings for the epidemiology and effects of DFTD in wild devil populations and with application to tumour growth
rate theory.

Results

A total of 62 individual devils were captured with DFTD and a total of 87 repeat tumour measurements were
recorded between 2006 and 2015 (diploid n = 32, tetraploid n =10, unknown ploidy n =45, dermal n =31,
mucosal n =44, unknown location n = 12). Tumours with no karyotype data available were regarded as unknown
ploidy and tumours that were located between both dermal and mucosal tissues were regarded as unknown loca-
tion. We only used data for which tumour ploidy was known, regardless of location, to model tetraploid vs diploid
growth rates, and combined all data for which tumour location was available, regardless of ploidy;, to test the effect
of tumour location (dermal vs mucosal) on growth rates. Figure 1 shows the best fit maximum likelihood models
for diploid, tetraploid dermal and mucosal tumours. Table 1 suggests that the logistic model is the most effective
at representing the data - it has the lowest AICc value for all data splits with the exception of dermal tumours.
Although there is variation in growth rates between tumours, the tumour growth model is able to capture the
increase in tumour volume over time. Estimates of tumour growth rate per day (r) varied with ploidy and location
[diploid 0.016 (0.014-0.020), tetraploid 0.026 (0.020-0.033), mucosal 0.013 (0.011-0.015), dermal 0.020 (0.016-
0.024)] but not significantly with sex [female 0.015 (0.013-0.019), male 0.016 (0.013-0.019)] (Table 2). Estimates
of final tumour size (K, cm®) also varied (Table 2), though not significantly, and the upper credible interval of size
varied widely owing to devil mortality as tumours approached maximum volume [diploid 364 (136-2,475), tetra-
ploid 172 (100-305), dermal 226 (134-471), female 361 (134-1,320), male 390 (144-2,640)]. The best supported
model for mucosal tumour was exponential, therefore final tumour size estimates could not be assessed.

Discussion

To understand the effects of cancer treatments on tumour growth dynamics, it is essential to assess patterns of
tumour growth and to mechanistically model them in the absence of treatment. Our study is, to the best of our
knowledge, the first attempt to determine realistic patterns of tumour growth and mechanistically model growth
in a natural and untreated population based on empirical evidence. This result is possible due to the combination
of a long-term detailed dataset (replicate individuals with repeat tumour measurements) and a flexible model-
ling approach. We identified variation in growth rates and potential carrying capacities (the expected maximum
volume) across the four distinct tumour characteristics in both males and females. A logistic model of tumour
growth was the best supported in our study system for tetraploid, diploid and mucosal tumours. Exponential
growth was the most supported model for dermal tumours. This suggests that for tumours outside of the oral
cavity where growth is not limited by physical constraints such as bones and tissue, as is the case of tumours inside
the oral cavity, there is no threshold for tumour growth within the life expectancy of infected devils.

Our findings may extend to tumour growth in other organisms, and contribute to an increased appreciation
of how effective cancer therapies are against background tumour growth. However, cancers are highly heteroge-
neous and differences in tumour growth rates across species and histiogenesis are expected to occur. Numerous
studies and models have demonstrated high variability in tumour growth in response to treatment®” . Likewise,
an increasing number of statistical approaches in growth rate theory have attempted to capture the biological and
mathematical complexities underlying growth rates® 2 ?”. Considering these complexities in neoplasms, under-
standing growth rates is essential to predict the effects of therapies. Though some types of cancers are caused by
infectious agents such as viruses* %%, only in rare circumstances do they become directly transmissible from one
host to another. While there are only few cases known in nature: DFTD, the canine transmissible venereal tumour
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Figure 1. Best-fit maximum likelihood models for given tumour characteristics: (a) diploid, (b) tetraploid, (c)

dermal and (d) mucosal. Volume versus time line plots for each tumour are overlaid in relation to the predicted

growth curve based on their maximum-likelihood initial conditions. On each plot, time 0 represents the point
at which the tumour reaches 0.125 cm?® in volume.

Model type k | AAIC values

Logistic 2 | 0(417.08) 0(174.57) 0(23.75) 0(142.79) 0.21 0(290.37) 0(130.00)
Exponential 1 19.05 1.56 22.94 15.42 0(207.30) 5.17 1.61
Mendelsohn 2 1977 3.04 15.26 13.12 0.86 6.76 2.43
Gompertz 2 1918 2.87 10.23 10.61 0.43 6.56 2.15

von Bertalanffy 2 [3285 13.52 15.66 21.19 3.37 22.28 11.23

Table 1. AAICc values for each maximum likelihood statistical model tested on tumour growth models. AICc
values of the best fit model for each tumour characteristic are given in parentheses.

Female

0.015 (0.013-0.019)

361 (134-1,320)

Male

0.016 (0.013-0.019)

390 (144-2,640)

Diploid

0.016 (0.014-0.020)

364 (136-2,475)

Tetraploid

0.026 (0.020-0.033)

172 (100-305)

Mucosal

0.013 (0.011-0.015)

n/a

Dermal

0.020 (0.016-0.024)

226 (134-471)

Table 2. Parameter estimates for growth rates per day (r) and maximum tumour volume (K) for each sex,

ploidy and location. Numbers in brackets are central 95% Bayesian credible intervals.
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affecting domestic dogs®®, and the recently found leukaemia type of cancer found in soft shelled clam?!, there
is also evidence that malignant sarcomas can be accidentally transplanted from patient to surgeon® and from
mother to foetus®. These cases highlight the capacity of cancer cells to escape their host and become transmis-
sible. Given the nature of DFTD, a clonal transmissible cancer acting as an obligate parasitic cancer cell line, we
acknowledge that caution should be taken when extrapolating our results to other cancers, in both humans and
non-human animals. Nonetheless, our model based on empirical data from a wild population may be useful for
parameterising mathematical models and further understanding growth rate theory in neoplasms.

Our devil—DFTD system is useful for studying tumour growth because individuals can be captured on
multiple occasions and their tumours measured repeatedly and these wild animals are not subject to treatment.
Furthermore, because DFTD is a clonal transmissible cancer of neuroendocrine origin, (and therefore all tumours
have the same origin and there are minimal genetic differences between tumours), we can model growth ratein a
system that allows capturing intrinsic growth properties over time. On one hand, this clonal cancerous cell-line of
neuroendocrine origin allows minimising the numerous biological complexities behind growth rates in cancers
from different origins. On the other hand, particular caution should be taken when comparing growth behaviour
in other cancers in model organisms.

We acknowledge that substantive intraspecific variation in rates of tumour growth and carrying capacities may
influence model parsimony. The differences we observed between individuals occurred irrespective of their sex.
The statistical model used to fit the mathematical tumour growth models to the field data is necessarily explor-
atory due to the complex processes involved. A next step to clarify this complexity might involve a hierarchical
Bayes approach, however, this would require a much larger dataset. Such a model could assume, for example, that
the amount of time between tumour implantation and first observation follows a given continuous distribution.
In particular, an Empirical Bayes approach could be used to estimate a prior for this distribution.

We recently demonstrated that lower infection rates and reduced population decline at our study site were
associated with high prevalence of tetraploid tumours and that a sudden increase in diploid tumours was asso-
ciated with higher infection rates and population decline?>. This suggested that tetraploid tumours could have
slower growth rates than diploid tumours, thereby offering a selective advantage by increasing the survival and
reproductive output of infected individuals. These new results, however, tend to suggest the opposite effect.
Diploids have a lower growth rate based on Bayesian credible intervals, though this difference was not statistically
different based on a permutation test (see Table S1 and Fig. S1 in Supplementary Materials). Similarly, a higher
growth rate in dermal tumours (outside of the oral cavity) was not replicated by a permutation test (Table S1).
When the data were split between sexes, ploidy and location (Table S2), only the single female-tetraploid-dermal
group showed any significant differences with other groups. This was due to a one - way effect (ploidy) as the
only tetraploid group, with lack of other differences most likely due to low sample size. The lack of significant
differences in growth rates between males and females (Table 2), tumour karyotypes and locations could suggest
the need for a greater sample size to detect statistical significance, or that other mechanisms and adaptive forces,
rather than growth rates, may explain the differences in the epidemiology and impact of the disease at the popu-
lation level. These could be related to host immune status and tolerance to infection, genetic lineages of tumours
not related to ploidy, or an interaction between host and tumour attributes.

Our framework allows fitting observable data from tumours of different karyotypes and locations to growth
equations. Although we made simplifying assumptions to reflect the existing quantitative knowledge of tumour
growth', the results of our models can be extended to reflect more complex characteristics of growth behaviour
in cancers. Further data on in vivo measurements of vascularization, metabolic and mitotic tumour rates (which
are becoming increasingly feasible to obtain with advances in imaging technology) may help to capture the rela-
tionship between growth functions and cell biological parameters over time. Our models may offer insights into
the natural patterns of tumour growth in the absence of any type of treatment, and therefore provide widely
applicable base-line information for mechanistic tumour growth models to better understand the effects of can-
cer therapies. While our study provides insight into overall patterns of tumour growth, we acknowledge that
other genetically controlled mechanisms such as apoptosis, autophagy or necrosis can also influence growth.
Likewise, other intrinsic and extrinsic factors in our study population such as levels of stress in infected individu-
als, physiological and hormonal changes associated with reproduction that may result in immunosuppression and
co-infection with other pathogens could also have an impact on tumour growth. Nevertheless, our study provides
the first assessment of patterns of natural tumour growth, and therefore a basis from which to understand these
additional complexities.

In conclusion, we have provided the first empirical estimates of tumour growth rates in a natural and untreated
population of hosts. Our results may help to understand how tumours grow in other organisms, and more impor-
tantly, will help to parameterise numerical models of growth rates and predict potential effects of therapeutic
treatment in solid tumours.

Methods

Field methods and data collection. Fieldwork and data collection were undertaken in a long-term mon-
itoring site in north-western Tasmania (West Pencil Pine, see Hamede??) where the population has been sampled
with a capture-mark-recapture framework at three month intervals since the beginning of the epidemic out-
break in 2006. Devils were trapped in custom made pipe traps (constructed from 30 cm diameter PVC pipe) and
transferred into a hessian sack where they were handled, sexed and examined for DFTD status (see full details
in section ‘Field protocols — handling procedures for data collection’ in Supplementary Materials). While being
handled, the devil’s eyes were covered with the sack to calm the animal and allow examination. Wild Tasmanian
devils have a freezing response to handling (unresponsive with no resistance to examination) and therefore no
sedation is required. All fieldwork (with the exception of one trapping session) was undertaken by the same inves-
tigator (see Supplementary Material for further details). Tumours were measured using SPI precision callipers
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Growth model | Differential equation General solution

Exponential dv/dt=rV V="V, exp(r(t—t,))

Logistic dV/dt=rV(1— VIK) V=K/[1+ (K/V,—1) exp(—r(t—t,))]
Mendelsohn dv/dt=rV? V=([1-b] [r(t—ty) + V,' /(1 = b)]|)/0-D
Gompertz dV/dt=rVexp(—p(t—t,)) | V=Vyexp(r/p[1 —exp(—p(t—t,))])

von Bertalanffy | dV/dt=aV?**— 3V V=[a/B— (/B — V') exp(—B(t — t,)I3)]

Table 3. Description of each of the growth models tested. Parameters r and o represent the tumour growth
rate (per day), K the carrying capacity of the tumour, b an exponent determining the shape of the growth curve,
p the proportional rate of decrease in growth rate, and (3 the rate of loss due to cell death (see Gerlee 2013 for
details).

and tumour volume was estimated by converting maximum tumour length, width and depth of each tumour
into cubic centimetres. Tumour karyotype (diploid, tetraploid - see refs 21, 22 for assessment of tumour kary-
otype) and the physical location of facial tumours (dermal - outside of the oral cavity; mucosal - inside of the
oral cavity), to assess the potential effect of physical constraints on growth, were recorded. All methods for sam-
pling animals, data collection and experimental protocols were approved by the University of Tasmania’s Animal
Ethics Committee (approval permit number A0013326) and carried out in accordance with their guidelines and
regulations.

Tumour growth formulae

We use five models previously defined by Gerlee'” as potential candidates to describe growth in the volume of
facial tumours over time. Each model was described by Gerlee' as an initial value problem in terms of the dif-
ferential equation that uniquely describes it. However, each is also analytically tractable, and both the differential
equations and their solutions (given an initial condition V=V, at t=t) are given in Table 3, where V=volume
in cm® and ¢ =time in days.

Statistical model

We use a maximum-likelihood approach to fit our tumour data to each of the growth models, and Akaike infor-
mation criteria corrected for small sample size (AICc) to select the most parsimonious model*!. We assumed a
lognormal error distribution in tumour volume to approximate measurement error, random variations in growth
rate over time and between individual tumours. This approach also has the advantage that it is relatively compu-
tationally efficient and easy to implement. A particular issue with the available data is that it provides no context
for the initial condition of each tumour. Though we know at what dates a particular tumour was measured and
its volume at those dates, it was not possible to establish when it was first implanted in the individual and its
initial volume - there is no consistent baseline across all tumours. We therefore include an extra parameter in
the model for each tumour describing at which time £, relative to its first observation that it reached an arbitrary
small volume (V,=0.125cm?), and optimise over this parameter in order to find the maximum likelihood for
each tumour. The value of V| is entirely cosmetic and has been set as an estimate of the minimum visible tumour
size to provide reasonable visualisation of values for time since tumour detection (e.g. in Fig. 1). The only effect of
changing this value is to shift all values of time ¢ in a particular direction, (such that V=V, when =0 on Fig. 1),
but has no effect on our results. For example, a value for V; of 100 cm?® would shift the range of t shown in the
x-axis of Fig. 1 from approximately 0 to 600 days to approximately —400 to 200 days, but the shape of the fitted
curve and its relationship with the data would be identical.

Where each tumour 7, measured for the jth time, has volume Vi measured at time tij relative to the first meas-
urement (so t, ; is always zero), is given an “initial” time f;, described above, and the given growth model V(t, {6,
t;o}) is based on parameters 0, the likelihood of the parameters 0 together with the initial times ¢;, for all tumours
can be described as:

L(0, 1,00 ]t Vi) = 5, N(log(V; )s u = log(V(t; ; {6, 1, 0})), 02 = ©)

i
where N(x | y, 0?) represents the probability density of the normal distribution with mean y and variance o2 at
value x, and € represents the best-fit error rate. The maximum likelihood is then calculated by optimising over
the free parameters 6, t;, and ¢ - the latter two can be optimised independently so dimensionality is not an issue.

References
1. Hanahan, D. & Weinberg, R. A. Hallmarks of Cancer: The Next Generation. Cell 144, 646-674, doi:10.1016/j.cell.2011.02.013
(2011).
2. Herman, A. B, Savage, V. M. & West, G. B. A Quantitative Theory of Solid Tumor Growth, Metabolic Rate and Vascularization. PloS
one 6,9, doi:10.1371/journal.pone.0022973 (2011).
3. Bui, J. D. & Schreiber, R. D. Cancer immunosurveillance, immunoediting and inflammation: independent or interdependent
processes? Curr. Opin. Immunol. 19, 203-208, doi:10.1016/j.c0i.2007.02.001 (2007).
4. Smyth, M. J., Dunn, G. P. & Schreiber, R. D. In Advances in Immunology, Vol 90: Cancer Immunotherapy Vol. 90 Advances in
Immunology (eds Allison, J. P. & Franoff, G.) 1-50 (Elsevier Academic Press Inc, 2006).
. Aktipis, C. A. & Nesse, R. M. Evolutionary foundations for cancer biology. Evol. Appl. 6, 144-159, doi:10.1111/eva.12034 (2013).
6. Rodriguez-Brenes, I. A., Komarova, N. L. & Wodarz, D. Tumor growth dynamics: insights into evolutionary processes. Trends Ecol
Evol 28, 597-604, doi:10.1016/j.tree.2013.05.020 (2013).

w

SCIENTIFICREPORTS | 7:XXXX | DOI:10.1038/s41598-017-06166-3 5


http://dx.doi.org/10.1016/j.cell.2011.02.013
http://dx.doi.org/10.1371/journal.pone.0022973
http://dx.doi.org/10.1016/j.coi.2007.02.001
http://dx.doi.org/10.1111/eva.12034
http://dx.doi.org/10.1016/j.tree.2013.05.020

www.nature.com/scientificreports/

7. Watanabe, Y., Dahlman, E. L., Leder, K. Z. & Hui, S. K. A mathematical model of tumor growth and its response to single irradiation.
Theor. Biol. Med. Model. 13, 20, doi:10.1186/s12976-016-0032-7 (2016).
8. Munoz, A. I. Numerical resolution of a model of tumour growth. Math Med Biol 33, 57-85, d0i:10.1093/imammb/dqv004 (2016).
9. Chen, C. Y. & Ward, J. P. A Mathematical Model of the Growth of Uterine Myomas. Bull Math Biol 76, 3088-3121, doi:10.1007/
$11538-014-0045-5 (2014).
10. Gerlee, P. The Model Muddle: In Search of Tumor Growth Laws. Cancer Res. 73, 2407-2411, doi:10.1158/0008-5472.can-12-4355
(2013).
11. McAloose, D. & Newton, A. L. Wildlife cancer: a conservation perspective. Nat Rev Cancer 9, 517-526, doi:10.1038/nrc2665 (2009).
12. McCallum, H. & Jones, M. E. In New directions in Conservation Medicine: applied cases of ecological health (eds Aguirre, A., Daszak,
P. & Ostfeld, R. S.) 27-283 (Oxford University Press, 2012).
13. Bissell, M. J. & Radisky, D. Putting tumours in context. Nature Reviews Cancer 1, 46-54, doi:10.1038/35094059 (2001).
14. Merlo, L. M. E, Pepper, J. W,, Reid, B. J. & Maley, C. C. Cancer as an evolutionary and ecological process. Nat Rev Cancer 6, 924-935,
doi:10.1038/nrc2013 (2006).
15. Deisboeck, T. S., Zhang, L., Yoon, J. & Costa, J. In silico cancer modeling;: is it ready for prime time? Nat. Clin. Pract. Oncol. 6, 34-42,
doi:10.1038/ncponc1237 (2009).
16. McCallum, H. et al. Transmission dynamics of Tasmanian devil facial tumor disease may lead to disease-induced extinction. Ecology
90, 3379-3392, d0i:10.1890/08-1763.1 (2009).
17. Hawkins, C. E. et al. Emerging disease and population decline of an island endemic, the Tasmanian devil Sarcophilus harrisii. Biol
Conserv 131, 307-324, doi:10.1016/j.biocon.2006.04.010 (2006).
18. Murchison, E. P. et al. The Tasmanian devil transcriptome reveals Schwann cell origins of a clonally transmissible cancer. Science
327, 84-87, doi:10.1126/science.1180616 (2010).
19. Pearse, A. M. & Swift, K. Allograft theory: transmission of devil facial-tumour disease. Nature 439, 549, doi:10.1038/439549a (2006).
20. Hamede, R. K., McCallum, H. & Jones, M. Biting injuries and transmission of Tasmanian devil facial tumour disease. ] Anim Ecol
82, 182-190, doi:10.1111/§.1365-2656.2012.02025.x (2013).
21. Pearse, A. M. et al. Evolution in a transmissible cancer: a study of the chromosomal changes in devil facial tumor (DFT) as it spreads
through the wild Tasmanian devil population. Cancer Genet. 205, 101-112, doi:10.1016/j.cancergen.2011.12.001 (2012).
22. Hamede, R. K. et al. Transmissible cancer in Tasmanian devils: localized lineage replacement and host population response. Proc. R.
Soc. B-Biol. Sci. 282, 122-128, d0i:10.1098/rspb.2015.1468 (2015).
23. Storchova, Z. & Kuffer, C. The consequences of tetraploidy and aneuploidy. J Cell Sci 121, 3859-3866, doi:10.1242/jcs.039537 (2008).
24. Ganem, N. J. & Pellman, D. Limiting the proliferation of polyploid cells. Cell 131, 437-440, doi:10.1016/j.cell.2007.10.024 (2007).
25. Laajala, T. D. et al. Improved Statistical Modeling of Tumor Growth and Treatment Effect in Preclinical Animal Studies with Highly
Heterogeneous Responses In Vivo. Clin. Cancer. Res. 18, 4385-4396, doi:10.1158/1078-0432.ccr-11-3215 (2012).
26. Wu, J. R. Statistical Inference for Tumor Growth Inhibition T/C Ratio. J. Biopharm. Stat. 20, 954-964, doi:10.1080/
10543401003618983 (2010).
27. Gerlee, P. & Altrock, P. M. Complexity and stability in growing cancer cell populations. Proc Natl Acad Sci USA 112, E2742-E2743,
doi:10.1073/pnas.1505115112 (2015).
28. Pilotti, S., Rilke, E, Alasio, L. & Fontanelli, R. Histologic evidence for an association of cervical intraepithelial neoplasia with human
papilloma-virus infection. Diagn. Gynecol. Obstet. 4, 357-362 (1982).
29. Rehtanz, M. et al. Isolation and characterization of the first American bottlenose dolphin papillomavirus: Tursiops truncatus
papillomavirus type 2. ] Gen Virol 87, 3559-3565, doi:10.1099/vir.0.82388-0 (2006).
30. Murgia, C., Pritchard, J. K., Kim, S. Y., Fassati, A. & Weiss, R. A. Clonal origin and evolution of a transmissible cancer. Cell 126,
477-487, doi:10.1016/j.cell.2006.05.051 (2006).
31. Metzger, M. ], Reinisch, C., Sherry, J. & Goff, S. P. Horizontal transmission of clonal cancer cells causes leukemia in soft-shell clams.
Cell 161, 255-263, d0i:10.1016/j.cell.2015.02.042 (2015).
32. Gartner, H. V. et al. Genetic analysis of a sarcoma accidentally transplanted from a patient to a surgeon. New Engl. J. Med. 335,
1494-1496, d0i:10.1056/nejm199611143352004 (1996).
33. Isoda, T. et al. Immunologically silent cancer clone transmission from mother to offspring. Proc Natl Acad Sci USA 106,
17882-17885, doi:10.1073/pnas.0904658106 (2009).
34. Burnham, K. P. & Anderson, D. R. Model selection and inference: a practical information-theoretic approach (Springer, 2002).

Acknowledgements

We are grateful to Mark and Claire Walsh from Discovery Holiday Parks - Cradle Mountain for providing
accommodation and logistic support during fieldwork. Forico Pty Ltd. facilitated land access during our study. We
thank Sarah Peck for veterinary support in the field and a large number of volunteers who helped to collect data.
The Save the Tasmanian Devil Program of the Tasmanian Department of Primary Industries, Parks, Water and
the Environment provided in-kind logistic support. Fieldwork was funded by two Eric Guiler Tasmanian devil
grants through the Save the Tasmanian Devil Appeal of the University of Tasmania foundation to R.H and M.J.
R.H. is supported by a National Science Foundation (NSF DEB-1316549), and by an Australian Research Council
(ARC DECRA Fellowship) (DE170101116), MJ is supported by an ARC Future Fellowship (FT 100100250) and
an ARC Discovery (DP110102656). This research was carried out with approval from the University of Tasmania’s
Animal Ethics Committee (A0013326).

Author Contributions

R.H. carried out field work, designed the study and wrote the main manuscript text, N.B. carried our statistical
analyses and wrote results section, S.C. helped with statistical analyses and interpretation of data, M.J. participated
in the study design and interpretation of results. The revision and editing of the manuscript was performed by all
authors.

Additional Information
Supplementary information accompanies this paper at doi:10.1038/s41598-017-06166-3
Competing Interests: The authors declare that they have no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

SCIENTIFICREPORTS | 7:XXXX | DOI:10.1038/s41598-017-06166-3 6


http://dx.doi.org/10.1186/s12976-016-0032-7
http://dx.doi.org/10.1093/imammb/dqv004
http://dx.doi.org/10.1007/s11538-014-0045-5
http://dx.doi.org/10.1007/s11538-014-0045-5
http://dx.doi.org/10.1158/0008-5472.can-12-4355
http://dx.doi.org/10.1038/nrc2665
http://dx.doi.org/10.1038/35094059
http://dx.doi.org/10.1038/nrc2013
http://dx.doi.org/10.1038/ncponc1237
http://dx.doi.org/10.1890/08-1763.1
http://dx.doi.org/10.1016/j.biocon.2006.04.010
http://dx.doi.org/10.1126/science.1180616
http://dx.doi.org/10.1038/439549a
http://dx.doi.org/10.1111/j.1365-2656.2012.02025.x
http://dx.doi.org/10.1016/j.cancergen.2011.12.001
http://dx.doi.org/10.1098/rspb.2015.1468
http://dx.doi.org/10.1242/jcs.039537
http://dx.doi.org/10.1016/j.cell.2007.10.024
http://dx.doi.org/10.1158/1078-0432.ccr-11-3215
http://dx.doi.org/10.1080/10543401003618983
http://dx.doi.org/10.1080/10543401003618983
http://dx.doi.org/10.1073/pnas.1505115112
http://dx.doi.org/10.1099/vir.0.82388-0
http://dx.doi.org/10.1016/j.cell.2006.05.051
http://dx.doi.org/10.1016/j.cell.2015.02.042
http://dx.doi.org/10.1056/nejm199611143352004
http://dx.doi.org/10.1073/pnas.0904658106
http://dx.doi.org/10.1038/s41598-017-06166-3

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International
CE | jcense, which permits use, sharing, adaptation, distribution and reproduction in any medium or

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2017

SCIENTIFICREPORTS | 7:XXXX | DOI:10.1038/s41598-017-06166-3 7


http://creativecommons.org/licenses/by/4.0/

	Untangling the model muddle: Empirical tumour growth in Tasmanian devil facial tumour disease

	Results

	Discussion

	Methods

	Field methods and data collection. 

	Tumour growth formulae

	Statistical model

	Acknowledgements

	Figure 1 Best-fit maximum likelihood models for given tumour characteristics: (a) diploid, (b) tetraploid, (c) dermal and (d) mucosal.
	Table 1 ΔAICc values for each maximum likelihood statistical model tested on tumour growth models.
	Table 2 Parameter estimates for growth rates per day (r) and maximum tumour volume (K) for each sex, ploidy and location.
	Table 3 Description of each of the growth models tested.




