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Inﬂuenza viral ﬁtness can be probed using in vivo co-infection experiments.
We use a within-host model of such experiments to quantify relative ﬁtness.
Different assumptions for the biological cause of ﬁtness difference are explored.
Certain neuraminidase mutations enhance the ﬁtness of drug-resistant inﬂuenza.
Our ﬁndings are consistent regardless of the assumed cause of ﬁtness difference.
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Through accumulation of genetic mutations in the neuraminidase gene, the inﬂuenza virus can become
resistant to antiviral drugs such as oseltamivir. Quantifying the ﬁtness of emergent drug-resistant
inﬂuenza viruses, relative to contemporary circulating viruses, provides valuable information to
complement existing efforts in the surveillance of drug-resistance. We have previously developed a
co-infection based method for the assessment of the relative in vivo ﬁtness of two competing viruses. We
have also introduced a model of within-host co-infection dynamics that enables relative within-host
ﬁtness to be quantiﬁed in these competitive-mixtures experiments. The model assumed that ﬁtness
differences between co-infecting strains were mediated by strain-dependent viral production rates from
infected epithelial cells. Here we extend the model to enable a more complete exploration of biological
processes that may differ between virus pairs and hence generate ﬁtness differences. We use the
extended model to re-analyse data from competitive-mixtures experiments that investigated the ﬁtness
of oseltamivir-resistant (OR) H1N1 pandemic 2009 (“H1N1pdm09”) viruses that emerged during a
community outbreak in Australia in 2011. Results are consistent with those of our previous analysis,
suggesting that the within-host replication ﬁtness of these OR viruses is not compromised relative to
that of related oseltamivir-susceptible (OS) strains, and that potentially permissive mutations in the
neuraminidase gene (V241I and N369K) signiﬁcantly enhance the ﬁtness of H1N1pdm09 OR viruses.
These results are consistent regardless of the hypothesised biological cause of ﬁtness difference.
& 2015 Elsevier Ltd. All rights reserved.
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Antiviral drugs are used to treat inﬂuenza infection and reduce
the onward spread of infection (Nicholson et al., 2003; Sullivan
et al., 2010; Grienke et al., 2012). Currently circulating inﬂuenza
viruses are predominantly susceptible to the neuraminidase (NA)
inhibitor oseltamivir, however the drug's utility as a treatment
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option for inﬂuenza may be severely compromised if resistance
becomes prevalent (Kelso and Hurt, 2012). During the Northern
Hemisphere's 2007/08 inﬂuenza season, surveillance studies identiﬁed a rise in the proportion of A(H1N1) viruses carrying the
resistance-conferring H275Y mutation in the NA gene (Sheu et al.,
2008; Centers for Disease Control and Prevention (CDC), 2008;
Hauge et al., 2009; Meijer et al., 2009). These resistant viruses
spread globally and replaced wild-type H1N1 during 2008
(Centers for Disease Control and Prevention (CDC), 2009; Dharan
et al., 2009; Hurt et al., 2009; Moscona, 2009), largely independently of the use of oseltamivir (Dharan et al., 2009; Hauge et al.,
2009; Hurt et al., 2009; Meijer et al., 2009). This event highlighted
a need to be able to accurately assess the relative ﬁtness of
emergent drug-resistant inﬂuenza strains compared to contemporary circulating drug-susceptible wild-type strains.
Previous studies have quantiﬁed the relative replication ﬁtness
of different pathogens using mathematical models (Marée et al.,
2000; Wu et al., 2006; Hurt et al., 2010; Holder et al., 2011; Pinilla
et al., 2012; Butler et al., 2014). A method introduced by Marée
et al. (2000) quantiﬁed relative in vitro ﬁtness via the ratio of the
infected cell replication rates of each competing strain. Marée et al.
discussed alternatives to their assumption that the replication rate
is the only parameter that differs by strain (e.g. the infected cell
death rate could instead be assumed to be the source of strain
difference), however other possible biological sources of strain
difference were not considered, such as strain-dependence in the
latent phase duration. Wu et al. (2006) quantiﬁed relative in vitro
ﬁtness using the overall growth rate for each strain. This method is
difﬁcult to compare across different experiments because the
growth rate incorporates the number of target cells, and so
changes depending on experimental conditions. Wu et al. also
did not consider alternative scenarios regarding the source of
strain difference. In earlier work (Hurt et al., 2010), we quantiﬁed
relative in vivo ﬁtness via the difference of the infected cell
replication rates of each strain. However, we neglected other
possible causes of strain difference, such as strain-dependence in
the duration of either the latent or productive phase of infected
cells. Holder et al. (2011) and Pinilla et al. (2012) quantiﬁed relative
in vitro ﬁtness by estimating several fundamental biological
properties of each strain, gaining direct insight into the underlying
cause of strain-dependent infection dynamics and ﬁtness differences. Quantifying relative ﬁtness in this way is preferable to
estimating experiment-speciﬁc properties that change depending
upon modiﬁcations to the infection system (e.g. Wu et al., 2006),
and depending on the biological properties of the pathogens being
studied, may also be preferable to assuming that the infected cell
replication rate or death rate are the only parameters that differ by
strain (e.g. Marée et al., 2000).
In a recent experimental study involving the co-infection of
animals with competing pairs of A(H1N1) pandemic 2009
(“H1N1pdm09”) strains (Butler et al., 2014), we used a withinhost model of the co-infection system to quantify relative replication ﬁtness. The model assumed that ﬁtness differences were
caused by strain-dependence in the production rate of infectious
virus by infected cells, and relative within-host ﬁtness was
quantiﬁed via the ratio of the production rates. Results indicated
that (1) H275Y drug-resistant inﬂuenza viruses that emerged in
2011 in the Hunter New England (HNE) region of New South
Wales, Australia, did not have compromised in vivo ﬁtness compared with related drug-sensitive viruses, and (2) the unusually
robust ﬁtness of these drug-resistant viruses may have been due
to the presence of two permissive NA mutations — V241I and
N369K — which have since become established in virtually all
circulating H1N1pdm09 viruses. Here we ﬁrst revisit the model
introduced in Butler et al. (2014), and then extend it to allow
investigation of several different biologically plausible hypotheses

regarding the cause of ﬁtness difference. Of note, our focus
throughout the analysis is to obtain accurate and precise estimates
for the relative ﬁtness, rather than individual model parameters.

2. Experimental data
We analyse data from a competitive-mixtures experimental
study involving co-infection of ferrets with pairs of competing
inﬂuenza viruses (Butler et al., 2014). In these experiments,
immunologically naive ferrets were inoculated with various mixtures of two different inﬂuenza strains (“A” and “B”). Each ferret
was assigned either to one of three “mixed-infection groups”
(80A:20B, 50A:50B, and 20A:80B), or to one of two “pure-infection
groups” (100A:0B and 0A:100B). Each inoculum was prepared at
the required proportion by combining known concentrations of
each virus.
Nasal wash samples were taken daily from each ferret. The
infectious viral load of each sample was measured using 50% tissue
culture infectious dose (TCID50) assays, and total (infectious þ
non-infectious) viral load was measured using real-time reverse
transcription-polymerase chain reaction (rRT-PCR) assays of the
matrix gene. The proportion of each co-infecting virus was also
measured using pyrosequencing assays of the NA gene of each coinfecting strain. Dynamics in this vRNA proportion over the course
of infection provide insight into relative replication ﬁtness within
the mixed-infection groups. Differences in viral load dynamics
between the two pure-infection groups also provide insight into
relative replication ﬁtness. Pyrosequencing and rRT-PCR measurements were taken for each inoculum.
Reverse genetics techniques were used to generate drugresistant viruses with or without certain potentially permissive
NA mutations — V241I and N369K — that were hypothesised to
have counteracted the ﬁtness cost of the H275Y mutation. The
different virus pairs investigated in each competitive-mixtures
experiment are shown in Table 1, and full details of the experimental procedures have previously been presented (Butler et al.,
2014).

3. Within-host co-infection model
Epithelial cells infected with inﬂuenza produce both infectious
and non-infectious virus. In order to model competitive-mixtures
experiments, we extended our previous model of infectious and
non-infectious inﬂuenza viral dynamics (Petrie et al., 2013) to
incorporate two different co-infecting strains (Butler et al., 2014).
This “co-infection” model (Fig. 1) assumes that target cells (T) may
be infected by either strain A (V TCID
) or strain B (V TCID
) infectious
A
B
virions; i.e. each strain competes for the same target cell resources
(Butler et al., 2014):
dT
¼  β A TV TCID
 βB TV TCID
:
A
B
dt

ð1Þ

For each strain, infected target cells progress through a latent
phase (L) before becoming infectious (I) as described by the
following equations (Butler et al., 2014):
dLA
¼ β A TV TCID
kA LA
A
dt
dLB
¼ βB TV TCID
 kB L B
B
dt
dI A
¼ kA L A  δ A I A
dt
dI B
¼ kB LB  δB I B
dt
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Table 1
Virus pairs analysed in Butler et al. (2014). Each row shows the virus pair (“A” vs. “B”) analysed in a given competitive-mixtures experiment, together with a description of
each virus. One experiment involved naturally isolated viruses (row 1) while the other experiments involved viruses generated using reverse genetics (rg) techniques (rows
2–5). All oseltamivir-resistant (OR) viruses contained the H275Y NA mutation (tyrosine (Y) at position 275), whereas the oseltamivir-susceptible (OS) virus did not contain
that mutation (histidine (H) at position 275).
A

B

New17 OR

New163 OS

rgNew17 OR
rgNew17 OR
rgNew17 OR
rgPerth261 N369K,
V241I OR

Description

An OR virus isolated from the HNE outbreak (A/Newcastle/17/2011), paired with an OS wild-type virus isolated during the
same outbreak (A/Newcastle/163/2011).
rgNew17 I241V OR A virus genetically identical to the New17 OR isolate which naturally encodes the V241I and N369K NA substitutions
(rgNew17 OR), paired with the same virus except with V241I removed (rgNew17 I241V OR).
rgNew17 K369N OR The rgNew17 OR virus, paired with the same virus except with N369K removed (rgNew17 K369N OR).
rgNew17 K369N,
The rgNew17 OR virus, paired with the same virus except with both V241I and N369K removed (rgNew17 I241V, K369N OR).
I241V OR
rgPerth261 OR
A virus genetically identical to an early (2009) OR isolate, A/Perth/261/2009, which does not naturally encode the V241I and
N369K NA substitutions (rgPerth261 OR), paired with the same virus except containing the V241I and N369K mutations
(rgPerth261 V241I, N369K OR).

Fig. 1. Co-infection model. For each strain, infectious virions (V TCID ) infect target cells (T) which, following a latent phase (L), become productively infected (I) and release both
infectious (V TCID ) and total (V RNA ) virions. Infectious virions naturally decay into non-infectious virions, and we assume that the natural decay process does not affect vRNA
TCID
RNA
RNA
RNA
concentration as measured by rRT-PCR assays. Host-driven clearance affects all viral particles. V TCID
þ V TCID
, V RNA
þ V RNA
¼ V RNA
comb ¼ V A
B
comb ¼ V A
B , and V B
B =V comb are ﬁtted to
TCID50, rRT-PCR, and pyrosequencing data, respectively. For clarity, the colours of the V TCID
, V TCID
, V RNA
, and V RNA
compartments (green/black) are matched to the colours of
A
B
A
B
the corresponding viral load curves in Fig. 2. Adapted from the Supplementary Text of Butler et al. (2014). (For interpretation of the references to color in this ﬁgure caption,
the reader is referred to the web version of this paper.)
TCID

dV A
¼ pA I A  ch;A V TCID
 dinf ;A V TCID
A
A
dt
TCID
dV B
¼ pB I B  ch;B V TCID
 dinf ;B V TCID
B
B
dt
RNA
dV A
¼ ξA pA I A  ch;A V RNA
A
dt
RNA
dV B
¼ ξB pB I B  ch;B V RNA
B :
dt

ð2Þ

Details of all state variables and parameters in this model are
shown in Table 2, together with ﬁxed parameter values and the
biologically realistic bounds used to constrain ﬁtted parameters. In
order to produce more biologically accurate distributions for the
latent and infected cell lifespans, the L and I compartments are
each split into 20 stages, for both strain A and strain B (Petrie et al.,
2013). The model is similar to that used by Pinilla et al. (2012) to
model competition between co-infecting strains in cell culture.

stocks of control virus. We use these control samples to calibrate
all TCID50 data. Each measurement in a given assay is scaled up by
adding, in log-space, the difference between that assay's average
calibration value and the largest average calibration value obtained
across all TCID50 assays in all experiments.
Initial conditions for T, L, I, and V TCID
comb are identical to those used
in our previous within-host modelling study of ferret infection
(Petrie et al., 2013), i.e. Tð0Þ ¼ 7  107 , Lð0Þ ¼ Ið0Þ ¼ 0 (for each
strain), and V TCID
comb ð0Þ is a ﬁtted parameter. For each infection group
the initial proportion of infectious virus comprised of strain B
(V TCID
ð0Þ=V TCID
B
comb ð0Þ) is ﬁxed to the proportion prepared in the
inoculum. The initial total:infectious ratio for both strains comTCID
bined (ρð0Þ ¼ V RNA
comb ð0Þ=V comb ð0Þ) is ﬁtted to the rRT-PCR:TCID50
ratio as measured in the inoculum. Measurements of the rRTPCR:TCID50 ratio varied systematically across the different mixed
inocula, indicating that the two competing strains in a given
experiment may have had different ratios. We assume that ρð0Þ
is strain-dependent, introducing ρA ð0Þ and ρB ð0Þ as follows:

4. Fitting the model to data
When ﬁtting model outputs to experimental data, three different assay types are used:
1. the infectious virus concentration of both strains combined
TCID
(V TCID
þV TCID
) is ﬁtted to TCID50 data;
comb ¼ V A
B
2. the viral RNA concentration of both strains combined
RNA
(V RNA
þ V RNA
comb ¼ V A
B ) is ﬁtted to rRT-PCR data;
RNA
3. the proportion of viral RNA comprised of strain B (V RNA
B =V comb )
is ﬁtted to pyrosequencing data.
TCID50 data were obtained using several separate runs of the
assays in Butler et al. (2014) (due to the limited number of samples
able to be tested with any single assay), and inter-assay variability
was controlled for by including, in each assay, 1–2 samples from

ρð0Þ ¼
¼

V RNA
comb ð0Þ
V TCID
comb ð0Þ

¼

RNA
V RNA
A ð0Þ þ V B ð0Þ

V TCID
comb ð0Þ

ρA ð0ÞV TCID
ð0Þ þ ρB ð0ÞV TCID
ð0Þ
A
B
V TCID
comb ð0Þ

¼ ρA ð0Þ 1 

V TCID
ð0Þ
B
V TCID
comb ð0Þ

!
þ ρB ð0Þ

V TCID
ð0Þ
B
V TCID
comb ð0Þ

:

ð3Þ

The initial proportion of total virus comprised of strain B
RNA
(V RNA
B ð0Þ=V comb ð0Þ) is ﬁtted to inoculum pyrosequencing data.
For pure-infection group ferrets, the strain omitted from each
group's inoculum is assumed to be absent throughout the entire
course of infection. Those data are ﬁtted with only a single strain
present in the model. This assumption is supported by an inspection of the raw data (Butler et al., 2014), which suggest that the
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Table 2
Co-infection model states and parameters. Descriptions of all state variables (compartments) and parameters in the co-infection model (most descriptions are reproduced from
the Supplementary Text of Butler et al. (2014). Biologically realistic lower and upper bounds for each ﬁtted parameter are also shown; these are used to restrict parameters to
realistic values during ﬁtting.
Units

Fixed
value

T
T(0)

Number of target cells
Initial T value

cells
cells

–
–
7  107 –

L
L(0)
I
I(0)

Number of latently infected cells
Initial L value
Number of productively infected cells
Initial I value
Concentration of free infectious virions
measured via TCID50 infectivity assay

cells
cells
cells
cells
TCID50 =mlofnasalwash

–
0
–
0
–

–
–
–
–
–

Initial V TCID concentration

TCID50 =ml

–

½10  6 ; 104:699  Upper bound based on a scenario in which all infectious virus
in each inoculum given to donor ferrets — i.e. 104:699 TCID50 —
is taken up into the URT. Hypothetically, if a nasal wash sample
had been taken from a donor immediately after inoculation, it

V TCID
V TCID ð0Þ

V RNA

p

Concentration of free vRNA (present in
both infectious and non-infectious virus)
measured via RT-PCR assay
Production rate of infectious virions

vRNAcopies=ml

ðTCID50 =mlÞ cell

1

d

1

Fitting
bounds

Sourcea

Parameter Description

–

–

–

½10  4 ; 102 

–

½10  9 ; 10  1 

β

Infectivity/mixing rate governing infection
of target cells by infectious virions

ðTCID50 =mlÞ  1 d

k

Transition rate from latent to productive
infection

d1

–

½1; 24

δ

Death rate of productively infected cells

d1

–

½0:24; 8

ch

Host-driven clearance rate (assumed to be d  1
the same for both infectious and noninfectious virus)

–

½10  2 ; 103 

dinf

Degradation rate of infectious virus to non- d  1
infectious virus

3.12

–

ξ

Ratio of total vRNA measured via rRT-PCR vRNAcopies=TCID50
to infectious virions measured via TCID50,
as produced by infected cells
Initial total:infectious ratio for both strains vRNAcopies=TCID50

–

½100 ; 106 

–

½100 ; 105 

ρð0Þ

1

TCID
combined (ρð0Þ ¼ V RNA
comb ð0Þ=V comb ð0Þ)

–
This estimate was calculated in our previous within-host
modelling study of ferret infection (Petrie et al., 2013).
–
–
–
–
–

would be impossible for there to be more than 104:699 TCID50
within the 1 ml of solution that is used in such a nasal wash.
Lower bound based on a previous theoretical estimate of the
lowest possible TCID50 value that corresponds to a single
infectious virion in the URT (Petrie et al., 2013).
–

Previous in vivo and in vitro modelling estimates of p (Möhler
et al., 2005; Baccam et al., 2006; Handel et al., 2007;
Beauchemin et al., 2008; Schulze-Horsel et al., 2009; Miao et
al., 2010; Saenz et al., 2010; Holder and Beauchemin, 2011;
Smith et al., 2011; Pawelek et al., 2012).
Previous in vivo and in vitro modelling estimates of β (Möhler
et al., 2005; Baccam et al., 2006; Handel et al., 2007;
Beauchemin et al., 2008; Schulze-Horsel et al., 2009; Miao et
al., 2010; Saenz et al., 2010; Smith et al., 2011; Pawelek et al.,
2012).
This range corresponds to average latently infected cell
lifetimes (i.e. τL ¼ 1=k) from 1 h to 24 h, consistent with
previous estimates obtained when ﬁtting models (with normal
or log-normal delay distributions for L and I) to in vitro data
(Holder and Beauchemin, 2011; Holder et al., 2011; Pinilla et
al., 2012).
This range corresponds to average productively infected cell
lifetimes (i.e. τI ¼ 1=δ) from 3 h to 100 h, consistent with
previous in vitro observations (Arndt et al., 2002; Zhirnov and
Klenk, 2003; Möhler et al., 2005) as well as both in vivo and
in vitro model-ﬁtting estimates (Möhler et al., 2005; Baccam et
al., 2006; Handel et al., 2007; Beauchemin et al., 2008;
Schulze-Horsel et al., 2009; Miao et al., 2010; Holder and
Beauchemin, 2011; Smith et al., 2011; Pinilla et al., 2012).
Previous in vivo estimates for the clearance rate of infectious
virions obtained from target cell-limited models (where
infection progress is limited by the availability of susceptible
cells, rather than by immune response dynamics) (Baccam et
al., 2006; Handel et al., 2007; Miao et al., 2010; Holder and
Beauchemin, 2011; Smith et al., 2011)b
Consistent with the rate of loss of infectivity determined
in vitro for two H1N1pdm09 strains (Pinilla et al., 2012). This
value is also consistent with other in vitro measurements
(Horsfall, 1954; Paucker and Henle, 1955; Gaush and Smith,
1968; Orthel, 1972; Beauchemin et al., 2008; Schulze-Horsel et
al., 2009; Holder et al., 2011).
Based on the variability of the rRT-PCR:TCID50 ratio within the
Butler et al. (2014) data.
Based on the variability of ρð0Þ across different inocula given to
donor ferrets in Butler et al. (2014).

a

For reviews of parameter estimates obtained by within-host modelling inﬂuenza studies, see Smith and Perelson (2011) and Beauchemin and Handel (2011).
Note that previous estimates of the infectious virus clearance rate (usually referred to as c) implicitly include both ch and df ; hence we expect ch to be somewhat
smaller than previous estimates of c.
b

probability of spontaneous mutation from one strain to the other
is low throughout the course of a pure infection. Data from mixedinfection group ferrets are ﬁtted with the full two-strain version of
the model.

Measurements that are outside detection thresholds are ﬁtted
as previously explained (Petrie et al., 2013). Pyrosequencing
measurements are considered to be outside the threshold of
detectability when they are outside the range ½0:02; 0:98, as the
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pyrosequencing error for each experiment was generally
around 2%.
Model parameters are estimated by minimising the sum of
squared residuals (SSR) between model outputs and data, using a
similar method to previous within-host modelling studies (Saenz
et al., 2010; Petrie et al., 2013). For a single set of model
parameters (θ) the SSR is
0
12
N
TCID
^ TCID  log V TCID ðt i ; θÞ
X
V
log
10
10
comb
i
@
A
SSRðθÞ ¼
TCID
TCID
log 10 V^ max  log 10 V^ thr
i¼1
0
12
NPCR
^ PCR  log V RNA ðt i ; θÞ
X
log
V
10 i
10 comb
@
A
þ
PCR
PCR
log 10 V^ max  log 10 V^ thr
i¼1
2
N ρð0Þ 
X
log 10 ρ^ i ð0Þ log 10 ρð0; θÞ
þ
log 10 ρ^ max ð0Þ  log 10 ρ^ min ð0Þ
i¼1
þ

N
pyro
X



pyro
V^ B;i  V RNA
B ðt i ; θÞ

2

;

ð4Þ

i¼1

where N TCID , N PCR , Nρð0Þ , and Npyro are the number of TCID50, rRTPCR, ρ^ ð0Þ (i.e. rRT-PCR/TCID50), and pyrosequencing data points
being ﬁtted, respectively; ti is the time that the ith data point was
TCID

measured; V^ i

PCR

, V^ i

pyro

, ρ^ i ð0Þ, and V^ B;i denote the ith measurement

TCID
PCR
for each respective assay; V^ max , V^ max , and ρ^ max ð0Þ are the maximum values that were obtained (for the particular experiment
being ﬁtted) across all TCID50, rRT-PCR, and ρ^ ð0Þ measurements,
respectively; ρ^ min ð0Þ is the minimum value that was obtained
TCID
PCR
across all ρ^ ð0Þ measurements; and V^ thr and V^ thr denote detection
thresholds for each respective assay.
MATLAB 2011b's genetic algorithm (GA) is used to ensure that a
good candidate for the global minimum of the SSR is obtained and
to generate likelihood conﬁdence regions (LCRs) and conﬁdence
intervals (CIs) for parameter estimates, as detailed previously
(Petrie et al., 2013; Schwaab et al., 2008; Donaldson and
Schnabel, 1987). The rate of degradation of infectious to non1
infectious virus is ﬁxed to dinf ¼ 3:12 d ; a value estimated
previously in vitro for two H1N1pdm09 viruses (Pinilla et al.,
2012). This value is also consistent with other in vitro measurements (Horsfall, 1954; Paucker and Henle, 1955; Gaush and Smith,
1968; Orthel, 1972; Beauchemin et al., 2008; Schulze-Horsel et al.,
2009; Holder et al., 2011). For all ﬁtted parameters in the coinfection model, a range of biologically plausible values are
speciﬁed (Table 2) which restrict the parameter space searchable
by the GA. Different hypothesised models are compared statistically using the Akaike information criterion (AIC) in the case of
least squares estimation with normally distributed errors
(Burnham and Anderson, 2004). The AIC corrected for datasets
with few data points (AICc) is used.

5. Quantifying relative ﬁtness using ratios of strain-dependent
model parameters
Once model parameters have been estimated for each competing strain, relative replication ﬁtness is quantiﬁed via the ratio of
each pair of strain-dependent parameters. As the underlying
biological cause of experimentally observed strain-dependence
in infection dynamics is unknown and may differ depending on
which two strains are being compared, we investigate several
different hypotheses regarding the biological processes that may
differ (Section 6). To avoid parameter identiﬁability issues, each
hypothesis is investigated separately by allowing one biological
parameter to be strain-dependent at a time, while all other
biological parameters are assumed to be equivalent for both
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strains. Note that ρð0Þ is also assumed to be strain-dependent
(see Section 4), however that parameter is simply an initial
condition of the infection system which is affected by each virus'
storage conditions leading up to a given experiment, rather than a
fundamental biological property of each virus.
For each hypothesis, strain-dependence in the associated biological parameter generates a ﬁtness difference between strains.
Relative ﬁtness is quantiﬁed via the ratio of these two straindependent parameters. An estimated value of one for the ratio
indicates equivalent ﬁtness between the two strains; values on
either side of one indicate greater or lesser ﬁtness, driven by
differences in the parameter under study.
6. Hypothesised explanations for a ﬁtness difference between
strains that have distinct NA genes
In the competitive-mixtures experiments analysed here
(Table 1) co-infecting viruses differ (primarily or solely) via
mutations in the NA gene. Hence the hypothesised causes for a
ﬁtness difference that we choose to investigate are informed by
previous in vitro experiments that examined functions of inﬂuenza
NA ((Colman, 1994; Gubareva et al., 2000; Wagner et al., 2002;
Nayak et al., 2004; Gong et al., 2007; Rossman and Lamb, 2011;
Yondola et al., 2011; Lai et al., 2010; Ushirogawa and Ohuchi, 2011;
Matrosovich et al., 2004; de Vries et al., 2012; Gerlach et al., 2012;
Nishikawa et al., 2012; Wong et al., 2012; Hattrup and Gendler,
2008; Thornton et al., 2008; Suzuki et al., 2005; Su et al., 2009;
Zhu et al., 2012; Morris et al., 1999; Gaur et al., 2012; Huang et al.,
2008); summarised in Appendix A).
6.1. The p-diff model
Previous in vitro work has indicated the importance of NA in
the production of free virions, and in regulating the balance of
infectious and non-infectious virions during production from
infected cells (see Appendix A). One hypothesis we investigate is
that the production rate of infectious virus (p) differs between
strains while all other rate parameters are identical for both
strains; hence relative fitness ¼ pB =pA . This assumption was made
in our previous analysis of these experiments (Butler et al., 2014).
We refer to the resulting model as the “p-diff” model. Under the pdiff model, a larger estimated value for p indicates greater
replication ﬁtness, as a greater rate of production of infectious
virus leads to a greater exponential growth rate for infectious virus
and infected cells (assuming that target cells are available for
infection once progeny virus production begins).
6.2. The β-diff model
Previous experimental results have indicated that NA is important for virus entry into susceptible cells (see Appendix A). Other
in vitro work has also indicated that NA is important in counteracting the effects of decoy receptors in mucins that (1) restrict the
spatial spread of free virus throughout the site of infection, and (2)
clear free virus (see Appendix A).
To account for the ﬁrst of these mucin-counteracting functions
of NA, as well as the possibility that NA may affect the infectivity of
each infectious virion, we investigate a hypothesis that only the
infectivity/mixing rate (β) differs between strains (the “β-diff”
model), where relative fitness ¼ β B =β A . This hypothesis embodies a
scenario in which NA counteracts the inhibition of the spatial
spread of free virus, and/or alters the infectivity of infectious
virions, in a strain-dependent manner. Under the β-diff model, a
larger estimated value for β indicates greater replication ﬁtness, as
faster spatial spread of infectious virus and/or greater infectivity

264

S.M. Petrie et al. / Journal of Theoretical Biology 382 (2015) 259–271

per virion leads to a greater exponential growth rate for numbers
of infected cells.

Table 1, row 1). We refer to this competitive-mixtures experiment
as the natural isolate experiment.

6.3. The τV -diff model

7.1. Fits to data using the p-diff hypothesis

To account for the second of the previously mentioned mucincounteracting functions of NA, we also investigate a hypothesis in
which only host-driven clearance (ch ) is strain-dependent. This
embodies a scenario in which NA counteracts the host-driven
clearance of free virus in a strain-dependent manner. Under this
hypothesis, a larger estimated ch rate indicates that virions are
cleared more quickly from the site of infection, leading to a
relatively decreased exponential growth rate in numbers of
infected cells and a more rapid exponential decay rate for free
virus. Larger ch values are associated with decreased within-host
ﬁtness. To aid in presentation we therefore use an alternative
parameterisation of host-driven clearance: strain-dependence in
the expected lifetime of infectious virions (τVinf ¼ 1=½ch þ dinf , with
dinf ﬁxed); hence relative fitness ¼ τVinf ;B =τVinf ;A . This hypothesised
model is referred to as the “τV -diff” model.

Given that virus particle release from infected cells is often
considered to be the primary function of NA, we ﬁrst present our
analyses of the p-diff model, in which strain-dependence in the
production rate of infectious virus is hypothesised to be the
underlying cause of ﬁtness difference. All analyses performed
using the p-diff model are identical to those presented in Butler
et al. (2014). Fig. 2 shows ﬁts of the p-diff model to TCID50, rRTPCR, and pyrosequencing data from hosts in the natural isolate
experiment (Butler et al., 2014). Fits of the other four hypothesised
models to the natural isolate experiment are shown in Supplementary Figs. S2–S5.
Note that the pyrosequencing proportion data in the inocula of
the natural isolate experiment are systematically lower than the
proportions that were prepared according to TCID50 mix (Fig. 2,
centre column, blue squares at t¼ 0). Also the rRT-PCR:TCID50 ratio
measured in the inocula (right column, black dots at t¼ 0)
increases systematically across the different infection groups with
increasing New163 OS inoculum proportions, suggesting that the
New163 OS isolate had a larger ratio of total vRNA:infectious virus
compared with the New17 OR isolate. The co-infection model is
able to reproduce each of these systematic effects by assuming
that the initial total vRNA:infectious virus ratio in the inoculum
(ρð0Þ) differs by strain, as discussed further in Section 9.
TCID50 and rRT-PCR viral load generally decrease over time in
the natural isolate experiment, with TCID50 reaching undetectable
levels by t  6–7 : d (post-infection; p.i.) (Fig. 2, left column).
Comparing the two pure-infection groups, there are no substantial
differences in TCID50 or rRT-PCR viral load dynamics between
each group.
In the three mixed-infection groups, there is a general trend for
the New17 OR pyrosequencing proportion (Fig. 2, centre column)
to increase relative to its value in the inoculum (at t¼ 0); i.e. the
New17 OR virus tends to outgrow the New163 OS virus within
hosts. The slope of this increase also appears to become steeper
with greater amounts of New163 OS virus in the inoculum. This
trend is reproduced by the best-ﬁt of the p-diff model (Fig. 2, solid
blue line) but not by most other ﬁts that lie within the 95%
conﬁdence level of the LCR (Fig. 2, faded dotted blue lines), which
rapidly increase and then plateau prior to 24 h (p.i.). Note that this
bimodality (i.e. two mechanistically distinct solutions that are
each capable of reproducing observed infection dynamics) is a
limitation of the p-diff model ﬁtted to the natural isolate experiment, but does not typically occur for the other model-experiment
combinations analysed in this work.

6.4. The τI -diff model
Other in vitro work has indicated that NA may be important in
determining the lifetime of infected cells (see Appendix A), which
in the co-infection model is dependent upon the average duration
of both the latent phase (τL ¼ 1=k) and productive phase (τI ¼ 1=δ).
One way to incorporate this possible function of NA is to
investigate a hypothesis in which only δ is strain-dependent.
Under this hypothesis, a larger estimated value for δ indicates
that infected cells produce infectious virus for shorter durations on
average (shorter τI ), leading to relatively lower amounts of free
infectious virus, a decreased rate of exponential growth for
infected cells (if there are still target cells available for infection
once infected cells start dying), and more rapid reduction of
infected cell numbers towards the end of infection. Larger δ values
are associated with decreased replication ﬁtness. Similar to the
τV -diff model, to aid presentation relative ﬁtness is quantiﬁed
using the infected cell productive phase duration (τI ) rather than
death rate (δ); hence relative fitness ¼ τI;B =τI;A .
6.5. The k-diff model
As mentioned above in the context of the τI -diff hypothesis, NA
may be important in determining the lifetime of infected cells.
Another way to account for this possible function of NA is to
investigate a hypothesis in which only the transition rate from
latent to productive infection (k) differs between strains (the “kdiff” model), where relative fitness ¼ kB =kA . Under this hypothesis,
a larger estimated k value indicates that the average latent phase
duration is shorter so infected cells initiate production of infectious virus more quickly, leading to an increased rate of exponential growth for both infected cells (if there are still target cells
available for infection once progeny virus production begins) and
infectious virus. Larger k values are associated with increased
within-host ﬁtness. This hypothesis is also supported by experimental results indicating that NA is important in the release of
progeny virions from the surface of infected cells (see Appendix A).

7.2. Fits to data using the four alternative hypotheses
Having analysed the natural isolate experiment using the p-diff
model, we now analyse ﬁts of the four other hypothesised models
to that experiment:

 β-diff (infectivity/mixing rate differs by strain),
 τV -diff (lifetime of infectious virions differs by strain),
 τI -diff (infected cell productive phase duration differs by
strain),

 k-diff (transition rate from latent to productive infection differs
7. The relative within-host replication ﬁtness of an OR strain
isolated during the HNE outbreak
Here we quantify the relative replication ﬁtness of the New17
OR and New163 OS viruses isolated from the HNE outbreak (see

by strain).
Fits to infectious viral load, total viral load, and ρð0Þ inoculum
measurements are similar for all four models (Figs. S2–S5, left and
right columns). However, ﬁts to pyrosequencing data (Figs. S2–S5,
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Fig. 2. Fits of the p-diff model to data from the natural isolate experiment. Each row shows viral load data for a given infection group. The 50:50 mixture was inoculated into
two different ferrets in order to provide more data on infections that begin on equal footing; therefore data points may overlap in that group. Left column: Best ﬁts are shown
RNA
of infectious (solid green line; V TCID
comb ðtÞ) and total (solid black line; V comb ðtÞ) viral load to calibrated TCID50 data (green dots) and rRT-PCR data (black dots; dashed grey line
RNA
indicates detection threshold), respectively. Centre column: Best ﬁts of the New17 OR vRNA proportion (solid blue line; V RNA
B =V comb ) to pyrosequencing data (blue squares).
The New17 OR infectious proportion is also shown (dashed black line; V TCID
=V TCID
B
comb ). Right column: Data of the rRT-PCR:TCID50 ratio (black dots), together with the total:
TCID
infectious ratio of both strains combined (dot-dashed black line; ρðtÞ ¼ V RNA
comb ðtÞ=V comb ðtÞ). Note that only the initial condition, ρð0Þ, is ﬁtted to data. The total:infectious ratio of
the New163 OS (dot-dashed red line; red dot indicates initial value) and New17 OR (dot-dashed blue line; blue dot indicates initial value) strains are also shown. In all plots,
non-ﬁlled arrows indicate that the measured concentration or proportion was outside of the range of detectability for the corresponding assay, with arrow direction
indicating the direction of the actual, unknown quantity. In addition to the best ﬁt lines, 5000 randomly sampled ﬁts with SSR values that lie within the 95% conﬁdence level
of the LCR are also shown (faded dotted lines). (For interpretation of the references to color in this ﬁgure caption, the reader is referred to the web version of this paper.)

266

S.M. Petrie et al. / Journal of Theoretical Biology 382 (2015) 259–271

centre column) exhibit different behaviours for different models,
as does the predicted coupling between infectious and total A:B
ratios. The infectious A:B ratio under the τI -diff hypothesis (Fig. S4,
dashed black line) decouples from the total vRNA A:B ratio (solid
blue line) after t  2–3 d ðp:i:Þ. This decoupling is also present in
some of the ﬁts of the τV - and k-diff hypotheses (as well as the pdiff hypothesis; Fig. 2), but does not occur under the β-diff
hypothesis. The fact that predicted infectious proportion dynamics
decouple from total vRNA proportion dynamics is crucial, because
pyrosequencing assays measure the total vRNA proportion, yet
infectious proportion dynamics provide a more direct insight into
relative ﬁtness. This highlights the importance of considering both
infectious and total virus dynamics in competitive-mixtures
experiments.
7.3. Differences in the ability of the ﬁve hypothesised models to
reproduce observed infection dynamics
All models are able to generate some form of increase in the
New17 OR vRNA proportion over time, yet certain models reproduce particular aspects of the pyrosequencing data better than
others. The β-diff model is unable to generate the continual
increase present in the pyrosequencing data from t ¼ 0 dðp:i:Þ to
t  6 dðp:i:Þ (Fig. S2, centre column). Instead, the New17 OR vRNA
proportion rapidly increases and then plateaus within the ﬁrst
24 h (p.i.), similar to most of the ﬁts generated using the p-diff
model (Fig. 2, centre column). Both the p- and τV -diff models are
able to generate ﬁts that reproduce the increase in vRNA proportion between t ¼ 0 dðp:i:Þ and t  6 dðp:i:Þ (Figs. 2 and S3 ,centre
column). However, the vRNA proportion continues to increase
beyond t  6 dðp:i:Þ in those ﬁts, whereas the pyrosequencing data
appear to plateau beyond t  6 dðp:i:Þ and perhaps even decrease
following t  8 dðp:i:Þ. The pyrosequencing dynamics in this ﬁnal
stage are, however, difﬁcult to discern due to a relative lack of data
following t  8 dðp:i:Þ.
The τI - and k-diff models are the most capable of reproducing
all of the aforementioned features in the pyrosequencing data
(Figs. S4 and S5, centre column), and are the best-ﬁtting models
overall for the natural isolate experiment. Each model's AICc value
correlates well with its capacity to reproduce pyrosequencing data
(Table 3), simply because model ﬁts differ most prominently when
ﬁtting pyrosequencing data. However, these differences in the

ability of each hypothesised model to ﬁt data are minor; our
results do not provide strong evidence that any particular
hypothesised model is more biologically plausible than the others.
Table 4, row 1, provides a qualitative comparison of the performance of different models when ﬁtting data from the natural
isolate experiment.
7.4. Strain-dependent parameters are highly correlated
Estimates of strain-dependent parameters — e.g. pWT for the OS
wild-type strain and pMUT for the OR mutant strain in the p-diff
model — have a large degree of uncertainty and overlap. For
example, this is evident in estimates of pWT and pMUT obtained
when ﬁtting the p-diff model to the natural isolate dataset (see
Table 3 and Fig. S1 for all p-diff model parameter estimates and
LCR projections, respectively).
Despite this uncertainty and overlap, which is present to some
degree in all model-ﬁts analysed in this work, each pair of straindependent parameters is generally highly correlated to the extent
that their ratio is well estimated. This is evident in the LCR
projection in Fig. 3, which shows the correlation of the two
strain-dependent parameters in the p-diff model.

Table 4
Model performance summary. Qualitative comparison of the performance of each
model when ﬁtted to each experimental dataset. The symbols are to be interpreted
as follows: ✓✓: best-ﬁtting model(s) for a given dataset, which capture the trends
in data well; ✓: good-ﬁtting model(s) that capture the majority of trends in data; ?:
marginal model(s) that, while plausible, reproduce some of the trends in data
poorly; : poor model(s) that are implausible based on an inability to ﬁt the data.
Note that there is no reason to believe that the biological cause of ﬁtness difference
should be the same for different experiments.
Dataset

Hypothesised model

New17 OR vs. New163 OS
rgNew17 OR vs. rgNew17 I241V OR
rgNew17 OR vs. rgNew17 K369N OR
rgNew17 OR vs. rgNew17 K369N,I241V OR
rgPerth261 N369K,V241I OR vs. rgPerth261
OR

pdiff

βdiff

τV -diff τI -diff kdiff

✓
✓✓
✓✓
✓
✓✓

?
✓✓
✓
✓✓
✓✓

✓
✓
✓
?
?

✓✓

?
✓
?

✓✓
✓✓
✓
✓✓
✓✓

Table 3
AICc values and estimates of ﬁtted parameters and relative replication ﬁtness, for the natural isolate experiment. Best-ﬁt estimates of relative within-host replication ﬁtness are
shown (row 1; 95% CIs in parentheses) together with AICc values (row 2) and parameter estimates (rows 3–10), for each model ﬁtted to the natural isolate dataset.
Parameters that have separate values for the WT and MUT viruses are shown with the MUT estimate (e.g. ρMUT ð0Þ) below the WT estimate (e.g. ρWT ð0Þ).
Measure

Hypothesised model
p-diff

β-diff

τV -diff

τI -diff

k-diff

log 10 ðV TCID
comb ð0ÞÞ

1.07 (1.02;2.59)
 719
4:70 ð  5:54; 4:70Þ

1.56 (1.05;2.92)
 713
4:70ð  6:00; 4:70Þ

1.03 (1.01;1.10)
 717
4:70ð  6:00; 4:70Þ

1.18 (1.06;1.39)
 732
4:70ð  6:00; 4:70Þ

0.07 (0.05;6.06)
 728
4:70ð  0:92; 4:70Þ

log 10 ðρð0ÞÞ

2:66ð2:46; 2:85Þ 2:13ð1:83; 2:39Þ

log 10 ðβÞ

 5:62ð 5:80;  1:00Þ

2:66ð2:45; 2:86Þ 2:13ð1:83; 2:41Þ 2:66ð2:45; 2:86Þ
2:14ð1:83; 2:41Þ
 1:03ð  4:50;  1:00Þ
 1:03ð  3:53;  1:00Þ

log 10 ðkÞ

1:38ð0:22; 1:38Þ

2:66ð2:44; 2:86Þ 2:14ð1:82; 2:41Þ 2:66ð2:47; 2:84Þ
2:14ð1:86; 2:37Þ
 4:00ð  5:41;  1:04Þ
 5:62ð  5:74;  1:00Þ
 3:80ð  5:36;  1:00Þ
1:38ð0:16; 1:38Þ
1:38ð0:19; 1:38Þ

log 10 ðδÞ

0:90ð 0:61; 0:90Þ

 0:52ð  0:62; 0:90Þ

0:90ð  0:60; 0:90Þ

log 10 ðpÞ

ð  2:50;  0:58Þ

 0:45ð  2:35;  0:35Þ

log 10 ðch Þ

 0:46ð 2:49;  0:25Þ
 0:43ð 2:29;  0:22Þ
0:21ð0:05; 0:46Þ

 0:47ð  0:56;  0:33Þ
 0:54ð  0:62;  0:43Þ
 1:86ð  2:40;  1:30Þ

0:20ð0:02; 0:48Þ

log 10 ðξÞ

3:81ð2:88; 4:54Þ

3:69ð2:68; 4:62Þ

0:31ð0:07; 0:56Þ
0:27ð  0:01; 0:53Þ
3:94ð2:76; 4:54Þ

RelFit
AICc

1:38ð0:14; 1:38Þ

1:38ð0:29; 1:38Þ
0:23ð0:05; 1:38Þ
 0:49ð  0:61;  0:40Þ
 1:90ð  2:41;  1:35Þ

0:18ð0:01; 0:32Þ

0:21ð0:06; 0:35Þ

3:63ð2:69; 4:53Þ

3:76ð2:88; 4:61Þ
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8.1. Fits to data

7.5. The H275Y mutation does not compromise the within-host
replication ﬁtness of the New17 OR virus, regardless of the
hypothesised cause of ﬁtness difference
Under each of the p-, β-, τV -, and τI -diff hypotheses, estimates
of relative within-host ﬁtness (Table 3) indicate that the New17 OR
virus has signiﬁcantly greater within-host ﬁtness than the New163
OS virus, although in each case the lower bound of the 95% CI is
close to one (equivalent ﬁtness). Under the k-diff hypothesis,
although the model ﬁts the data relatively well (comparable AICc),
large uncertainty in the relative ﬁtness estimate leads to a lack of
evidence for a ﬁtness difference. These results suggest that the
H275Y mutation does not compromise the within-host replication
ﬁtness of the New17 OR virus; indeed the New17 OR virus likely
has enhanced replication ﬁtness compared with related OS strains.

8. The effects of the V241I and N369K neuraminidase
mutations upon the replication ﬁtness of H275Y OR strains
As discussed in Section 2, Butler et al. (2014) analysed reverse
genetics (rg)-derived virus pairs in four additional competitivemixtures experiments (see Table 1, rows 2–5) to investigate the
effect of the V241I and N369K mutations upon the intrinsic ﬁtness
of H275Y OR strains.

0

When ﬁtting each alternative model to the rgNew17 OR vs.
rgNew17 I241V OR (Figs. S6–S10 ), rgNew17 OR vs. rgNew17 K369N
OR (Figs. S11–S15), rgNew17 OR vs. rgNew17 I241V, K369N OR (Figs.
S16–S20), and rgPerth261 V241I, N369K OR vs. rgPerth261 OR (Figs.
S21–S25) experiments, ﬁts of infectious viral load, total viral load,
and ρð0Þ inoculum measurements are reproduced similarly well
for all ﬁve hypothesised models (Figs. S6–S25, left and right
columns). For a given hypothesised model, total vRNA A:B ratio
dynamics are generally similar for all four reverse genetics
experiments (Figs. S6–S25, centre column, solid blue lines) and
also for the natural isolate experiment (Figs. 2 and S2–S5, centre
column, solid blue lines). A notable exception to this consistency is
evident in ﬁts of the τI -diff model, where the increase in total A:B
ratio begins at different times for different experiments. This
increase occurs latest when ﬁtting the rgNew17 OR vs. rgNew17
I241V OR dataset (Fig. S9), such that the ﬁtted total A:B ratio is
substantially lower than pyrosequencing data in each of the
mixed-infection ferrets during t≲4 dðp:i:Þ. This strong systematic
failure indicates that the τI -diff model produces a biologically
implausible ﬁt to the rgNew17 OR vs. rgNew17 I241V OR dataset.
We do not interpret relative ﬁtness estimates obtained from that
particular experiment–model combination.
8.2. Differences in the ability of the ﬁve hypothesised models to
reproduce observed infection dynamics
Table 5 also shows the AICc values for the ﬁve alternative
hypothesised models ﬁtted to each of the four reverse genetics
experiments. For all four reverse genetics experiments the p-, β-,
and k-diff models reproduce infection dynamics most accurately
(lowest AICc values of the ﬁve models; note that AICc values are
only compared within an experiment (row)). The τV - and τI -diff
models produce relatively poor ﬁts to data. Table 4, rows 2–5,
provide a qualitative comparison of model performance when
ﬁtting the reverse genetics datasets. The varying ability of each
model to reproduce infection dynamics across the different
experiments is discussed further in Section 9.

−0.5

log10(pMUT)
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−1.5

−2

−2.5

−2

−1

0

log10(pWT)
Fig. 3. Correlation between strain-dependent parameters. The best-ﬁt (black dot) and
2-dimensional projections of the 68% LCR (dark blue contour) and 95% LCR (light
blue contour) are shown for the two strain-dependent parameters in the p-diff
model, when ﬁtted to the natural isolate dataset. The dashed line shows the line of
equivalent ﬁtness. The estimated relative ﬁtness (pMUT =pWT ) lies above the line (see
Table 3). (For interpretation of the references to color in this ﬁgure caption, the
reader is referred to the web version of this paper.)

8.3. The V241I and N369K substitutions improve the in vivo
replication ﬁtness of H1N1pdm09 H275Y OR viruses, regardless of the
hypothesised cause of ﬁtness difference
Table 5 shows estimates of relative within-host replication
ﬁtness for each of the ﬁve different hypothesised models ﬁtted
to the four rg experiments. For each of the three experiments that
involve the rgNew17 OR virus, removing either one or both of the
V241I and N369K substitutions results in a statistically signiﬁcant
reduction in within-host replication ﬁtness. Conversely, adding the
two substitutions to an early H1N1pdm09 virus improves its

Table 5
Relative replication ﬁtness and AICc for the reverse genetics experiments. Best-ﬁt estimates of relative within-host replication ﬁtness are shown (95% CIs in parentheses) together
with AICc values, for each model ﬁtted to each of the reverse genetics experiments.
Dataset

rgNew17 OR vs.
rgNew17I241VOR
rgNew17 OR vs.
rgNew17 K369N OR
rgNew17 OR vs.
rgNew17 K369N,I241V OR
rgPerth261 N369K,V241I OR vs.
rgPerth261 OR

Hypothesised model

RelFit
AICc
RelFit
AICc
RelFit
AICc
RelFit
AICc

p-diff

β-diff

τV -diff

τI -diff

k-diff

3.96 (1.17;6.83)
 566
3.14 (1.17;5.30)
 671
1.82 (1.35;7.46)
 710
1.86 (1.37;7.24)
 769

3.98 (1.12;7.02)
 562
2.44 (1.14;4.79)
 659
6.33 (1.38;30.92)
 719
5.43 (1.39;15.35)
 776

1.79 (1.10;4.58)
 556
2.05 (1.12;3.63)
 654
1.38 (1.17;2.60)
 689
1.71 (1.23;5.61)
 693

–
 529
1.35 (1.15;1.67)
 650
1.49 (1.28;1.97)
 708
1.31 (1.24;2.18)
 690

1.51 (1.08;7.39)
 561
1.94 (1.07;6.91)
 662
2.97 (1.22;12.77)
 718
1.74 (1.14;9.89)
 775
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within-host replication ﬁtness. These results are consistent regardless of the hypothesised biological cause of ﬁtness difference.
These relative ﬁtness estimates suggest that the V241I and N369K
mutations improve the in vivo replication ﬁtness of H1N1pdm09
H275Y OR viruses.

9. Discussion
Results from four of the ﬁve hypothesised models indicated
that the New17 OR virus has signiﬁcantly improved replication
ﬁtness relative to the New163 OS virus, while there was no
evidence for a ﬁtness difference under the k-diff hypothesis. If
the New17 OR and New163 OS isolates are representative of other
viruses from the HNE outbreak, then these results suggest that the
H275Y mutation did not compromise the within-host ﬁtness of
HNE OR viruses. We come to this conclusion regardless of the
hypothesised cause of ﬁtness difference, reinforcing the conclusion
presented in our earlier study (Butler et al., 2014) in which we
used the p-diff hypothesis.
Our modelling analyses of the rg experiments demonstrates
that the V241I and N369K mutations signiﬁcantly increase the
in vivo replication ﬁtness of H1N1pdm09 H275Y OR strains. As the
V241I and N369K mutations were present in the HNE viruses, this
ability to compensate for the ﬁtness cost of the H275Y mutation
may have played an important role in enabling those OR viruses to
spread amongst the community of the HNE region.
Pinilla et al. (2012) previously quantiﬁed relative ﬁtness in vitro
by allowing many model parameters to be strain-dependent and
directly comparing estimates obtained for each strain. That same
technique would not have been suitable for our purposes, as the
in vivo experiments analysed here involved relatively sparse data
and a more complex infection system compared with the in vitro
experiments analysed by Pinilla et al. Instead, we investigated
several different hypothesised causes of ﬁtness differences separately, each involving a model with a single strain-dependent
biological parameter. The ﬁtting method employed here, while
unable to identify some parameters (e.g. V TCID ð0Þ and k, which
often have large uncertainties; Figs. S1 and S26–S49), was able to
consistently generate precise estimates of relative ﬁtness. These
robust estimates were possible, despite a large degree of uncertainty and overlap in the strain-dependent parameter estimates,
because each parameter pair was found to be highly correlated
such that their ratio was well-estimated (e.g. Fig. 3), providing a
viable method for quantifying relative ﬁtness in competitivemixtures experiments. These ratios involve comparatively little
uncertainty primarily because each model is ﬁtted to pyrosequencing data which, from the inoculum to the end of infection, show
one strain consistently outgrowing the other across the different
mixed-infection groups (Figs. 2 and S2–S25, centre column). Such
consistent outgrowth in an experiment can only be reproduced if
one strain-dependent parameter is larger than the other; hence
their ratio is well-estimated regardless of uncertainty in the actual
estimates of each parameter. Fitting this strong trend of outgrowth
also tends to generate a consistent picture of which virus is ﬁtter
in a given experiment, regardless of the hypothesised biological
cause of strain difference.
In the mixed-infection groups, each inoculum was prepared at
the desired mixture (i.e. 20:80, 50:50, or 80:20) by measuring the
infectivity titre of each virus, and then combining an appropriate
amount of each virus together to generate the required proportion
(Butler et al., 2014). However, for the natural isolate experiment,
pyrosequencing measurements of the inocula were systematically
lower than the intended proportions (Fig. 2). This systematic
variation was also present (with a maximum discrepancy of almost
40%) in the rgNew17 OR vs. rgNew17 K369N OR (Fig. S11) and

rgPerth261 V241I, N369K OR vs. rgPerth261 OR (Fig. S21) experiments. Additionally, measurements of the rRT-PCR:TCID50 ratio in
the inocula varied systematically across the ﬁve different infection
groups in each of these three experiments, suggesting that the two
competing strains in each experiment had different ratios of
infectious and total virus. Under the assumption that the initial
total vRNA:infectious virus ratio (ρð0Þ) is strain-dependent, the coinfection model is capable of generating not only the systematic
variation in rRT-PCR:TCID50 ratio but also the systematic discrepancy between intended and measured inoculum proportions.
Estimates of ρð0Þ were consistent with observed trends in inocula
data, in that ρð0Þ was signiﬁcantly different between strains in
each of the three experiments where systematic variations were
present, whereas no evidence of a signiﬁcant difference was found
in the other two experiments (data not shown). These results
reinforce the importance of considering both infectious and
total virus when analysing data from competitive-mixtures
experiments.
Another possible explanation for the systematic discrepancy
between intended and measured inoculum proportions is that the
infectivity titres of each virus, taken prior to mixing, were simply
inaccurate (e.g. if an A virus infectivity titre measurement had
been inaccurate by just 0:1 : TCID50 =ml, then an intended inoculum
ratio of 50:50 would actually have led to a 56:44 ratio). This would
lead to inoculum proportions that systematically differ from the
intended proportions, however it would not explain the systematic change in rRT-PCR:TCID50 ratio across different infection
groups. Such a hypothesis is not as well supported by the data
as the aforementioned hypothesis involving strain-dependence in
ρð0Þ. Nevertheless in future competitive-mixtures experiments it
may be useful to more accurately measure the infectious concentration of each virus prior to mixing, e.g. by taking a greater
number of replicates of infectivity measurements of each virus in
order to reduce uncertainty (E 3–5 measurements were performed in the experiments analysed in this work). Such a reduction in uncertainty would allow further scrutiny of the plausibility
of the assumption that the initial infectious proportion in each
ferret is identical to the intended proportion in the corresponding
inoculum.
Previous ferret competitive-mixtures experiments performed
by Pinilla et al. (2012) indicated that an early H1N1pdm09 H275Y
OR virus, in which the V241I and N369K mutations were absent,
had reduced in vivo replication ﬁtness relative to a related OS virus
(each of these viruses were generated from the A/Québec/144147/
09 isolate using reverse genetics techniques). Our results from the
natural isolate competitive-mixtures experiment generally indicated an in vivo replication ﬁtness advantage for the OR isolate
from the HNE outbreak. If the isolates analysed in Pinilla et al.
(2012) and here are representative of similar contemporaneously
circulating viruses, then these contrasting results suggest an
improvement in the ﬁtness of late H1N1pdm09 OR viruses relative
to early H1N1pdm09 OR viruses. This is consistent with the
hypothesis that the V241I and N369K mutations enhance the
ﬁtness of H1N1pdm09 OR strains.
The p-, β-, and k-diff hypotheses (in which the infectious virus
production rate, infectivity/mixing rate, and latent phase duration
differ by strain, respectively) are supported not only by experimental results (Section 6) but also by results from previous in vitro
modelling studies that compared the infection kinetics of H275Y
MUT and related WT strains (Holder et al., 2011; Pinilla et al.,
2012). Pinilla et al. (2012) found that the production rate of total
vRNA from infected cells was statistically signiﬁcantly different
between WT and MUT strains in the H1N1pdm09 background, and
that the average duration of the latent phase differed between WT
and MUT strains in both the seasonal H1N1 and H1N1pdm09
backgrounds. The infecting time was also found to be different
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between strains in the seasonal H1N1 background, consistent with
the results of Holder et al. (2011) who performed a different
analysis p
on
the same
dataset. Note that the infecting time
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
(τinfect ¼ 2=½pβTð0Þ) is dependent upon both p and β in the coinfection model; thus one or both of the equivalent parameters
within the model used by Pinilla et al. may have been straindependent. The standard deviation in the distribution of latent
phase durations (σ L ) was also found by both Pinilla et al. (2012)
and Holder et al. (2011) to be strain-dependent within the
seasonal H1N1 background. Although we did not explicitly estimate σ L , the estimates by Pinilla et al. (2012) and Holder et al.
(2011) were roughly correlated with average latent phase duration
(τL ) in both the H1N1pdm09 (Pinilla et al., 2012) and seasonal
H1N1 (Holder et al., 2011; Pinilla et al., 2012) backgrounds — the
longer the average latent phase, the larger the standard deviation.
This behaviour was replicated within the co-infection model, as
splitting the L compartment into nL stages generates an Erlang
distribution for latent phase lifetimes with a standard deviation dependent upon the average latent phase duration via
pﬃﬃﬃﬃﬃ
σ L ¼ τ L = nL .
For the natural isolate experiment, the k-diff model (i.e. latent
phase duration differs by strain) and τI -diff model (i.e. productive
phase duration differs by strain) provided the best ﬁts to data
(Figs. S4 and S5, and Table 4). For the rg experiments, relatively
poor ﬁts were obtained when ﬁtting the τV -diff (viral clearance
differs by strain) and τI -diff models to the rgPerth261 V241I, N369K
OR vs. rgPerth261 OR dataset, the τV -diff model to the rgNew17 OR
vs. rgNew17 I241V, K369N OR dataset, and the τI -diff model to both
the rgNew17 OR vs. rgNew17 I241V OR and rgNew17 OR vs. rgNew17
K369N OR datasets (Tables 4 and 5). It is interesting that the τI -diff
model produced the best ﬁt to the natural isolate experiment, yet
repeatedly produced poor ﬁts to the rg experiments. Indeed
biological differences between strains in the natural isolate experiment may be distinct from those in the rg experiments, as all virus
pairs used in the rg experiments differ only via NA substitutions,
whereas the viruses used in the natural isolate experiment differ
via substitutions in both the NA gene and other genes. We have
previously noted that none of the extra amino acid differences
between the natural isolates have been linked to any functional
process (Butler et al., 2014). Nonetheless it is possible that one or
more of those substitutions have some yet to be established
functional effect. This analysis highlights the potential to examine
which hypothesised causes of ﬁtness differences are the most
plausible given observed competitive-mixtures data. Yet it is
crucial to caution against overinterpretation of our results, as the
co-infection model (1) involves relatively simple dynamics when
compared with the complexities of the inﬂuenza infection system
(Beauchemin and Handel, 2011; Smith and Perelson, 2011;
Dobrovolny et al., 2013); and (2) is ﬁtted to data that give only
partial insight into those complex dynamics. More realistic withinhost models coupled with more comprehensive datasets will be
required to improve conﬁdence in model selection.
Previous in vitro modelling of H275Y OR and related OS strains
in the H1N1pdm09 background indicated that the ratio of total
vRNA:infectious virus produced by infected cells signiﬁcantly differed by strain (Pinilla et al., 2012). A hypothesis in which the ratio
of total vRNA:infectious virus produced by infected cells (ξ) is
assumed to differ by strain could potentially generate straindependent viral load dynamics without an associated ﬁtness
difference, because only non-infectious virus production would
differ by strain. We did not investigate such a model in this work
because, in each competitive-mixtures experiment, observed outgrowth in pyrosequencing data across serial host-to-host transmission lines suggested that the ﬁtness of each virus pair was
indeed different (Butler et al., 2014). For future competitivemixtures studies in which outgrowth is not evident in mixture
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data, or in which multiple different hypotheses regarding functional differences between strains are investigated simultaneously,
this alternative hypothesis may be a relevant biologically plausible
scenario to investigate.
It is possible for predicted infectious A:B ratio dynamics to
decouple from total vRNA ratio dynamics (e.g. Fig. S4, centre
column). As infectious ratio dynamics provide more direct insight
into relative ﬁtness compared with total vRNA ratio dynamics,
future development of an assay capable of measuring the infectious ratio would likely improve the capacity of competitivemixtures experiments to assess relative ﬁtness.
Furthermore, predicted infectious ratio dynamics sometimes differ
substantially between different hypothesised models (e.g. compare the
dashed black lines in the centre column of Fig. S2 to those of Fig. S4).
These markedly different infectious ratios could lead to very different
predictions regarding the proportion of each strain that is transmitted
during any given transmission event. Such model-dependent behaviour can be explored in greater detail if transmission dynamics are
incorporated into the co-infection model, and such an extended model
is currently under development.
We have detailed a method for quantifying the relative withinhost replication ﬁtness of two competing inﬂuenza strains in
competitive-mixtures experiments. Our results have relevance
for drug-resistant inﬂuenza surveillance, and were consistent
regardless of which underlying mechanism was assumed to
generate a ﬁtness difference between strains. The method may
also have relevance for acute infections other than inﬂuenza,
particularly those where drug-resistant or highly pathogenic
strains have the potential to out-compete established strains.
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Appendix A. Known functions of the NA surface protein
NA is important in facilitating the release of virus particles via
cleavage of sialic acid residues, following the budding of those
particles on the surface of infected cells (for related reviews, see
Colman, 1994; Gubareva et al., 2000; Wagner et al., 2002; Nayak et
al., 2004; Gong et al., 2007; Rossman and Lamb, 2011). Similarly,
recent in vitro experiments have indicated that NA is capable of
counteracting the effects of the antiviral factor tetherin, which also
facilitates the release of progeny virions (Yondola et al., 2011).
Other recent work has indicated that NA may be important in the
budding of viral particles on the surface of infected cells and in the
resulting morphogenesis of those particles (Lai et al., 2010;
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Ushirogawa and Ohuchi, 2011; Yondola et al., 2011), and that the
presence of NA alone within cells can lead to the release of noninfectious viral particles (Lai et al., 2010). Taken together, these
known functions of NA indicate that it is important in the process
of virion production, and in regulating the balance between the
production of infectious and non-infectious virions.
Previous results have indicated that NA may be important in
reducing the inhibiting effects of decoy receptors in mucins
(Gubareva et al., 2000; Matrosovich et al., 2004; de Vries et al.,
2012; Gerlach et al., 2012; Nishikawa et al., 2012; Wong et al.,
2012), thus counteracting the effect of mucins in restricting the
spatial spread of free virions throughout the site of infection. This
function of NA may also inhibit host-driven clearance of virions
from the site of infection, as decoy receptors in mucins, upon
binding to free virions, also promote the clearance of those virions
(Hattrup and Gendler, 2008; Thornton et al., 2008).
Some studies have indicated that NA is important for inﬂuenza
virus entry into susceptible cells (Suzuki et al., 2005; Su et al.,
2009; Zhu et al., 2012). NA may also be important in determining
the lifetime of infected cells (Morris et al., 1999; Gaur et al., 2012).
The results of Huang et al. (2008) suggest that NA also plays a
role in inhibiting super-infection (i.e. the infection of a host cell by
multiple inﬂuenza virions). However, we do not investigate straindependence in this process as a possible biological hypothesis for
the source of ﬁtness difference in this work, because a core
assumption of the co-infection model was that susceptible cells
are infected by a single infectious virion.

Appendix B. Supplementary data
Supplementary data associated with this article can be found in
the online version at http://dx.doi.org/10.1016/j.jtbi.2015.07.003
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