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Introduction

Oropharyngeal Squamous Cell Carcinoma (OPSCC) is a type of cancer that affects the tissues of the throat (Marur
et al. 2010). There are three main factors that can cause this type of cancer. They are alcohol, tobacco and
the human papilloma virus (HPV). HPV is a virus that spreads through sexual contact and has been known to
cause genital warts as well as cervical cancer. OPSCC caused by this virus is unique in certain characteristics
as distinct from OPSCC caused by alcohol or tobacco.
Staging is an important component of cancer diagnosis as it provides the patient and doctor with a prognosis
on which to base future decisions and predict patient outcomes. A good staging system should separate out
patients so that the patients at a certain stage should all have similar outcomes without too much overlap
between the stages.
The current system for staging OPSCC does not take into account whether or not the OPSCC was HPV
positive (HPV+) or not and so the International Collaboration on Oropharyngeal Cancer Network for Staging
(ICON-S) developed a new classification (O’Sullivan et al. 2016).
In this project, I will attempt to validate this staging system on data from a cohort of patients with HPV+
OPSCC from the Royal Adelaide Hospital. I will utilise survival analysis techniques to evaluate patient survival
in important prognostic groups; see Analysis of Survival Data (Cox & Oakes 1984) and Modelling Survival Data
in Medical Research (Collett 2014). I will investigate whether or not the new staging system is more effective at
predicting survival in the South Australian cohort than the current system, and determine the most appropriate
staging system for these patients. I will also use a Cox proportional hazards regression model to investigate if
Robotic Surgery has a significant impact on survival outcomes for this type of cancer (Cox & Oakes 1984).
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Survival Analysis

Survival analysis is a branch of statistics that deals with the analysis of the time until a certain event occurs.
One of the most common events that is studied is death as it is easily defined and can only happen once.
Time to recurrence or remission of disease can also be studied. One aspect of these kinds of experiments that
creates complications for the analysis is the censoring or truncation of time to death data that can occur. Right
Censoring is where a particular event does not occur within the experiment or observation time. This is typically
because experiments have a limited time and there is no guarantee for example that all patients will die during
the experiment. For the patients who survived the experiment, we only know that their time to death is at
least as large as a particular value. Another complication is caused by truncation, which is where an individual
is missed by the experiment for some reason. For example if someone was to die before they can be recorded.
Both of these factors can introduce bias into the analysis unless techniques designed to deal with this type of
data are used.
There are three key functions in survival analysis that are of great interest and equivalent. The first is the
survival function given by
S(t) = P r(T > t)
where T is some random variable for time of event. The function presents the probability an individual survives
past time t. The next is the hazard function which represents the event rate and is given by
λ(t) =

S 0 (t)
S(t)

Finally, the cumulative hazard function is the accumulated hazard over time and is given by
Z t
Λ(t) =
λ(u)du
0

and is related to S(t) by
Λ(t) = −logS(t)
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(1)

The Dataset

The dataset that I analysed was collected at the Royal Adelaide Hospital in the Department of Otorhinolaryngology, Head and Neck Surgery. It included 102 patients and various demographics, tumour details, clinical
management and outcomes. For demographics, the dataset contains age, gender, smoking and alcohol status.
For tumour details, the staging both according to the AJCC and ICON-S systems are included. For outcomes,
the primary and adjuvant treatment and for outcomes, the date of death and recurrence if they occurred in the
experiment time. Some basic demographics for each ICON-S stage are given in Table 1. One of the columns
of most interest to this analysis is the primary management. There are four different primary management
treatments. Transoral robotic surgery (TORS) is a modern technique used to attempt removal of a tumour
using a specialised robot. Surgery performed by a doctor is a less common alternative to TORS. Chemorads
2

is a combination of chemotherapy and radiotherapy and is sometimes used in cases where a tumour may be
too big or difficult to be removed by surgery. Rads is where a patient is treated with radiotherapy alone and
it is quite rare. Table 2 shows the number of individuals in each management group by stage. Figure 1 shows
histograms for each stage in both the AJCC and ICON-S systems. The top panel gives the total counts and
the bottom panel only those who experienced an event.
Stage

count

deaths

average age

males

females

1

72

5

56.68

64

8

2

11

2

60.55

8

3

3

19

7

54.84

14

5

102

14

56.75

86

16

Total

Table 1: Basic Demographics of patient cohort

Stage

TORS

surgery

chemorads

rads

1

46

19

6

1

2

5

1

4

1

3

1

1

16

1

52

21

26

3

Total

Table 2: Number of individuls in each management group by stage
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Kaplan-Meier Estimates

The Kaplan-Meier or Product Limit estimator is a non-parametric estimate of the survival function of a population based on the observed survival times. It is given by

Y 
dj
Ŝ(t) =
1−
nj
j|tj ≤t

where dj is the number of individuals with events at time tj and nj is the number of individuals at risk at time
tj . Conventionally those individuals who experience an event at time tj are included in nj . Figure 2 shows the
Kaplan-Meier estimate of the survival function for our data. By using Equation 1, a plot of the cumulative
hazard function can be produced and seen in Figure 3. The red shaded area in these plots represent 95%
confidence bands. Kaplan-Meier plots can also be produced by groups to estimate marginal survival. Figure
4 and Figure 5 show estimated survival curves by ICON-S stage and primary management type respectably.
There are limits to the inference that can be made from Kaplan-Meier curves the effects of other factors. This
is a motivation for modelling with both the Cox and parametric regression models.
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Figure 1: Top Panel: Number of people in each stage, AJCC on left and ICON-S on right. Bottom Panel:
Number of individuals who died in each stage, AJCC on left and ICON-S on right.

Figure 2: The Kaplan-Meier estimate of the survival function for all patients in the cohort
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Figure 3: The Kaplan-Meier estimate of the cumulative hazard function for all patients in the cohort

Figure 4: Kaplan-Meier estimates of the survival functions by ICON-S stage

Figure 5: Kaplan-Meier estimates of the survival functions by primary management type
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Figure 6: Plot of a Cox model fitted to the data with ICON-S stage as strata
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Cox Modelling

The first model we will use is the Cox proportional hazards model. The Cox model is a regression model which
makes no assumption about the shape of the underlying hazard function and assumes that hazards across various
groups are proportional to one another. The hazard function is given by
h(t, z) = eβ

T

z

h0 (t)

where β is the the vector of coefficients and h0 (t) is the baseline hazard function. The fact that our estimated
survival curves by stage cross as can been seen in Figure 4, casts doubt on the assumption that our hazards
are truly proportional. It would take further follow up data to better access this assumption. Figure 6 shows
predicted survival from a Cox model fitted to our data with ICON-S stage as a factor. The dashed lines
represent the 95% confidence bands for the estimates, they appear quite wide which is a result of a relatively
small data-set with few deaths. One advantage of the Cox model is that it has easily interpretable coefficients:
exp(βj ) is the hazard ratio for group j. The hazard ratio is the risk for that group divided by the risk for the
baseline group and is interpreted as the number of times more is there if for being in that group. From our
Cox model based on stage, we estimate that stage 2 has a hazard ratio of 2.3 and stage 3 has a hazard ratio of
5.3, where stage 1 is the baseline group. The p values for these ratios are 0.320 and 0.005 respectably therefore
only the stage 3 hazard ratio is significant at the 0.05 significance level. For our data none of the variables such
as age, gender, smoking and alcohol had any significant effect on survival. The only explanatory variables that
has some impact is the primary management type and that is discussed in Section 7.
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Parametric Modelling

Parametric modelling is another approach that can be useful. Unlike the Cox model, which makes no assumption about the shape of the hazard, the parametric approach assumes that survival times belong to some chosen
6

Figure 7: The log-normal hazard function

distribution. This is useful as it allows inference about the shape of the hazard and thus allows you to try and
understand the underlying mechanics. For our purposes we are going to assume that survival times come from
a log normal distribution which allows for a peak hazard. This was chosen using diagnostic plots. By plotting
certain transformation of the cumulative hazard function against log time you get what are called the diagnostic
lots for each potential survival time distribution. The closer a diagnostic plot looks like a straight line the more
evidence there is to support using that distribution for the model. A peak hazard means that risk increases
with time up to a point called the peak and then risk goes down over time approaching zero. The shape of the
hazard function for our data can be seen in Figure 7. From this figure you can see that the hazard increases
quickly to a peak at around 26 months and proceeds to decrease slowly.
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Management

The effect that the choice of treatment has on survival is of particular clinical interest. As mentioned earlier,
there are four different primary managements in this dataset: TORS, surgery, chemorads and rads. In Figure
5,s we produced a plot of the Kaplan-Meier estimates by the primary management type. From this we can see
very similar estimated survival curves for both TORS and surgery. There is a long time (about 22 months)
before a patient treated with chemorads experiences an event but then there are many deaths over the following
12 months or so. This could imply that the chemorads treatment is effective at prolonging life but may not
have as good long term outcomes as surgery or TORS. Finally, the rads group which appears to have the worst
outcomes is comparatively a very small group and may be made up of less representative patients or even be
more of a palliative method. Caution must be used when making inferences based upon a marginal KaplanMeier estimate as there may be other covariates at play. One such covariate could be stage, as it is plausible
that later stage patients may be given a particular treatment or treatments more often. To account for this,
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we can use a Cox model with both ICON-S stage and primary management type as the covariates. Doing this
we find that only the rads treatment is significantly different from the others. To estimate the relative risk
for a rads patient we group all other treatments into a single covariate and fit a model again including stage.
From this we find that a rads patient is about 5.6 more likely to die at any given time. This also changes the
predicted relative risk based on stage with stage 3 patients, now having a relative risk of 4.9 as opposed to 5.3
when stage was considered alone.
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Comparing the Staging Systems

The final goal of this project was assess the validity of the new ICON-S staging system. From our Cox models
we have been able to find that there is a significant difference in survival between stages 1 and 3 but were unable
to show a significant difference for stage 2. There is difficulty in producing a comparable Cox model for the
conventional AJCC system as in most stages there are no observed deaths for our data set. As an alternative,
we can compare visually the Kaplan-Meier estimators broken up by each staging group. These can be seen in
Figures 8 and 9. For the AJCC system we observe there is a very tight grouping of stages 1, 2, 3 and 4a with
stages 1 and 2 superimposed while stage 4b has a very steep decline. The ICON-S comparability has a greater
separation of good and moderate outcome groups but fails to capture the poor outcome patients that stage
4a of the AJCC system does. From our analysis, it appears the ICON-S system is useful for predicting the
survival of low to medium severity patients but could be improved to better predict patients with particularly
poor outcomes.
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Figure 8: The AJCC staging systems

Figure 9: The ICON-S staging systems
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