
Analysing PET scans data for
predicting response to chemotherapy in

breast cancer patients

Elias Gyftodimos, Laura Moss and Derek Sleeman

Department of Computing Science, University of Aberdeen

Aberdeen

Andrew Welch

School of Medical Sciences, University of Aberdeen

Aberdeen

Abstract

We discuss the use of machine learning algorithms to predict which breast
cancer patients are likely to respond to (neoadjunctive) chemotherapy.
A group of 96 patients from the Aberdeen Royal Infirmary had the size
of their tumours assessed by Positron Emission Tomography at various
stages of their chemotherapy treatment. The aim is to predict at an
early stage which patients have low response to the therapy, for which
alternative treatment plans should be followed. A variety of machine
learning algorithms were used with this data set. Results indicate that
machine learning methods outperform previous statistical approaches on
the same data set.

1 Introduction

Each year, more than 44,000 people are newly diagnosed with breast cancer in
the UK [5]. Up to 25% of these patients have large (>3cm) tumours [21]. For
these patients, neoadjunctive chemotherapy is sometimes offered in an attempt
to reduce the size of the tumour before surgery is carried out to remove the
tumour [4, 8]. It is estimated that up to 25% of these patients do not respond
to this chemotherapy [21]. Therefore, for this group of patients, it is a waste
of time and resources for neoadjunctive chemotherapy to be administered, and
these patients should have surgery at an earlier stage. It would be beneficial in
a clinical setting to predict which patients with breast cancer will not respond
positively to this chemotherapy. At the same time it would be important to
ensure that patients who would be positive responders receive the treatment.
This prediction of treatment outcome would preferably happen before treat-
ment commences or at least early in the scheduled treatment, thereby avoiding
toxic and expensive chemotherapy doses.

Methods to detect the response of a breast cancer tumour to neoadjunctive
chemotherapy include the use of Positron Emission Tomography (PET) [11, 13].
PET scans can be used to visualise the concentration of a given trace compound
such as [18F]-fluorodeoxy-D-glucose (or FDG for short) in body tissue. As
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Figure 1: Timeline (in weeks) for a patient receiving (a) 8 doses or (b) 6 doses
of chemotherapy treatment, illustrating the timepoints of chemotherapy (CT1,
CT2,. . .) and PET scans (PT1 to PT4).

cancer cells tend to grow more rapidly than other tissue they tend to use more
glucose, and hence as a result more of the tracer element is found in such tissue.
So this technique allows one to “see” the site and shape of the tumours. In the
case of this study the tumour itself is being subjected to an “attack” by the
chemotherapy between successive PET scans, and hence the imaging analysis
allows the clinician to “see” the site and shape of the remaining tumour. The
data that is produced from scans taken before and during a neoadjunctive
chemotherapy treatment can be analysed to predict which of the breast cancer
patients will be unresponsive to chemotherapy [20, 21].

This paper describes the application of various machine learning algorithms
to data acquired and analysed in a previous study [17, 21]. The patients un-
derwent 6 or 8 cycles of chemotherapy treatment before having the tumour re-
moved surgically. The interval between chemotherapy cycles was three weeks.
Medical imaging data on the tumour region were gathered for each patient us-
ing PET at four time points: before the start of the chemotherapy, after the
first chemotherapy cycle, at the midpoint, and at the endpoint of chemotherapy
treatment (prior to surgery). Figure 1 (upper) illustrates a timeline of 21 weeks
for a patient receiving 8 doses of chemotherapy; and the lower figure illustrates
a timeline of 15 weeks for a patient receiving 6 doses of chemotherapy. The di-
agram shows how chemotherapy sessions are organised, when the 4 PET scans
occur, as well as the surgery to remove the tumour. Biopsies after surgery re-
vealed that only about 1 out of every 3 patients (33%) significantly responded
to the chemotherapy treatment, while in about 1 out of every 4 (25%) cases
there was no measurable response and so there was partial response in about
40% of the population. These biopsies are used to indicate the effectiveness of
the chemotherapy treatment through this study. As the results of such patho-
logical analyses are highly reliable these are effectively treated as 100% accurate



and so are treated as a gold standard.

The medical imaging data was manually processed by a domain expert who
identified the tumour and background regions in the image. Subsequently, for
each scan a vector of numerical features was constructed; each such feature is a
measure of the activity in the tumour region of interest. The relative change in
the value of each feature was derived for each patient between the pre-therapy
and each of the three other scans. The initial study concluded that the relative
change of the values of each feature between the pre-therapy and the second
or third scan correlate well with the tumour response to chemotherapy. In [17]
it is shown that these relative changes of values can predict response at the
midpoint of therapy (after the third scan is performed). The methodology was
to examine each attribute independently, and set a single threshold as a decision
criterion which discriminates between high and low responses. The evaluation
of each feature in prediction was performed in two ways. Firstly, by setting the
threshold value to the point where 100% of the high responders are classified
correctly, and measuring the percentage of correctly predicted low responders.
This measure is often referred to as “specificity at 100% sensitivity” (referred
to as SPS subsequently). Secondly, by shifting the threshold value between the
extremes where all cases are classified as high and low responders, and plotting
the ratio of correctly classified high responders against incorrectly classified
low responders, a 2-dimensional curve is constructed. This is called an ROC
curve.1 The performance of a feature in prediction is quantified by the area
under this curve (ranging from 0 to 1). This is often called the “area under the
ROC curve” measure (we use the abbreviation AUC for this measure).

This previous work suggests that using data from PET scans during chemother-
apy can effectively predict the tumour response at the midpoint of chemother-
apy, and on this particular data set their method achieved a success rate of
77% measured as SPS and 93% measured as AUC. However there are certain
issues on which this analysis can be improved.

1. Only the change of a single attribute, derived from the medical image,
was used for prediction in the initial study [17]. One should investigate
the benefits of combining several features (e.g. by specifying conjunctions
or joint probabilities), and therefore potentially increasing predictive per-
formance.

2. The use of a single attribute from the pre-therapy and midpoint PET
scans excludes from the analysis a significant amount of patients who
missed the midpoint scan. So using techniques which allow missing data
to be estimated should strengthen the study.

3. The evaluation of prediction is performed on the same data that was
used to build the predictive model (i.e. choose a threshold value). This

1The term stands for Receiver Operating Characteristic and originates from the field
of signal processing. ROC analysis is widely used in medical data analysis and is gaining
popularity within the machine learning community for evaluating 2-class predictive modelling.



introduces the danger of overfitting the training data. Although the con-
structed models are very simple, the reported predictive performance is
optimistic compared to what would be achieved on unseen data. It is
considered methodologically better practice to combine model learning
with cross-validation.

4. The data was analysed purely from a predictive perspective, i.e. there
is no descriptive modelling which might give the domain experts an un-
derstanding of the mechanisms underlying the tumour response process.
Various machine learning techniques which provide conceptual models
should also be included in the analysis.

The aim of the present study was to address these issues using a variety
of widely used machine learning algorithms. Such algorithms are able to com-
bine several features straightforwardly. Most of them can either handle miss-
ing values, or can be combined with pre-processing methods that fill in these
values. Cross-validation is typically applied when evaluating the predictive
performance of classification algorithms. This eliminates the danger of over-
fitting; additionally, it gives a more realistic estimate of future performance of
the method. Finally, certain algorithms, apart from defining a decision bound-
ary in the domain space, have a structure that can be intuitively related to the
problem domain, revealing interesting patterns in the data. Part of our analysis
consisted of finding and discussing such patterns with the domain expert.

The structure of the paper is as follows: in the next section we discuss
previous related research. In section 3 we give a brief overview of relevant
machine learning algorithms. In section 4 we discuss the details of the data
set and present our experimental approach. Section 5 summarises the results
achieved by the best-performing classification algorithms we have tested. We
conclude in section 6 by summarising the main contributions of this study.

2 Related research

Previous research has been carried out into the ability of PET scans to predict
the pathological response of breast cancer tumours to neoadjunctive chemother-
apy. In Smith et al. [21] patients were given 8 doses of chemotherapy and PET
imaging using [18F]-FDG took place 3 times throughout treatment and once
immediately before surgery. The extracted tumour was analysed for patholog-
ical response. Results were that after the first PET scan they were able to
predict pathological response with sensitivity of 90% and specificity of 74%,
and an area under the ROC curve of 86%.

McDermott et al. [17] investigated optimum times for imaging when us-
ing PET to predict response to neoadjunctive chemotherapy. They found
that by measuring the mean standard uptake value (SUV) at the midpoint
of neoadjunctive chemotherapy, they identified 77% of the low responding pa-
tients whilst identifying 100% of high responding patients, achieving an area
under the ROC curve of 0.93. However, to achieve this the data was filtered to



include only patients who had an initial (pre-therapy) tumour to background
ratio of greater than 5.0 in the first PET scan.2

Schelling et al. [20] evaluated the use of PET for prediction with similar
breast cancer patients. They took PET images at the start of treatment and
after one and two cycles of chemotherapy. Histopathologic response was classi-
fied as gross residual disease (GRD) or minimal residual disease (MRD), where
GRD were non-responding tumours and MRD were responding tumours to the
neoadjunctive chemotherapy. They identified responders using the SUV of the
baseline scan as a threshold. This achieved a sensitivity of 100% and specificity
of 85%, and accuracies of 88% after the first scan and 91% after the second
scan.

3 Machine learning

Machine learning [18] is a subfield of artificial intelligence involving the au-
tomatic construction of models of a domain from observations. Classification
algorithms, a subset of machine learning algorithms which are of interest for
the purposes of the present analysis, accept as input a finite set of observations
(training examples) each of which is associated with a label (also called a class)
that takes values from a finite domain.3 A training example typically has the
form 〈a1, . . . , an, c〉, where each ai ∈ Ai is the value of the i-th attribute of the
example and c ∈ C is the value of the class attribute for that example.

The output of a classification algorithm is a model (e.g. a set of rules)
that accepts a previously unseen observation (test example) 〈a′

1
, . . . , a′

n
〉 and

predicts a value c′ for its class. Normally in a controlled experiment the entire
dataset is partitioned into a training and a test set; the former is used by the
classification learning algorithm to create a set of predictive rules, and the latter
(withholding the class values) is used to generate predictions. These predictions
are then compared against the actual values to measure the performance of
the classification algorithm. In the present study, an observation is a vector
containing some demographic and some PET related data for a patient, while
the respective classes are “high response” or “low response”.

Some classification algorithms produce models that are “black boxes” (for
example neural networks or regression models), in the sense that their internal
structure and/or parameter values are hard to relate to the problem domain.
Other methods such as decision rules, decision trees or Bayesian networks yield
models which, as well as providing predictions for unseen observations, are
readily interpretable by domain experts.

2See also the related sub-section ‘Contrast selection’ in section 4.2
3This is a simple setting using what is called propositional data representations. In re-

lational or first-order representations attributes may take more complex values such as sets
or lists of arbitrary length. In the remainder of this paper we will be dealing strictly with
propositional representations and methods.



4 Experimental methodology

This section summarises the main stages of our analysis. We applied the WEKA
data mining software tool [25] to our data set. Specifically, we used it to select
appropriate descriptors; various classification algorithms were then applied to
the remaining data set; finally the outcomes of the classification algorithms (in
the form on ROC curves) were analysed.

4.1 Data features

The following data features were initially available for each patient: age, pre-
therapy body surface area, survival at five years from diagnosis (binary), patho-
logical response of tumour at the end of the treatment (i.e. tumour shrinkage
due to chemotherapy) on a scale 1 to 5 (where 1 indicates no response and 5
indicates complete response); additionally, for each of the four PET scans, the
injected activity (i.e. the amount of radioactive tracer administered), image
contrast, three different measurements of the observed activity (image inten-
sity) in the tumour region, and the derived metabolic volume of the tumour.

For the present analysis a few additional attributes were derived from the
initial data. The percentage change between each pair of successive readings of
the intensity attributes has been calculated and added to the dataset; the same
procedure was also applied to the contrast, injected activity and volume mea-
surements. The class attribute, i.e. the outcome, was derived from pathological
response. In accordance with the earlier study, patients with pathological re-
sponse values 1, 2, and 3 are assigned to the low response class and those with
values 4 and 5 to the high response class. Prior to applying the learning al-
gorithm, the response attribute as well as the survival attribute were removed
from the dataset.

4.2 Pre-processing

Several versions of the data were produced to enable learning with different
combinations of settings to be performed. The following pre-processing steps
were implemented:

4.2.1 Discretisation

We studied the effect of applying discretisation to the data prior to classifica-
tion. On the one hand, this allowed a larger number of algorithms to be used, as
some machine learning algorithms can only handle discrete data. As the origi-
nal dataset contained non-integer data it was necessary to perform some kind
of discretisation prior to using the particular algorithms. On the other hand,
when using algorithms that can handle both real-valued and discrete data, we
wanted to investigate how pre-discretisation would affect the performance of
these algorithms.



The first decision we had to make was to determine the cardinality of the
discretised domains. Given the number of available instances, we chose to dis-
cretise continuous attributes to three-valued scalar domains; this ensured that
a sufficient number of instances would be allocated to each of the three values.
The discretisation process works as follows: For each of the attributes to be
discretised, the data is split into three ordered bins, each containing the same
number of instances, such that all values for the particular attribute in one bin
are smaller than the values in the next bin. Then, the range of values in every
bin is mapped to the index of that bin, yielding a discrete attribute with three
possible values. For example, assume that we have nine instances with values
1, 2.5, 3, 5, 5, 11, 13, 14.5 and 15. The bins are 〈1, 2.5, 3〉, 〈5, 5, 11〉, 〈13, 14.5, 15〉.
We have the following mappings of ranges to the set {1, 2, 3} of discrete val-
ues: (−∞, 4) 7→ 1, [4, 12) 7→ 2, [12,+∞) 7→ 3. Note that the discretisation
process is independent of the class attribute, and therefore introduces no bias
in classification.

We noticed that for the algorithms that can handle discrete as well as real
values, discretization prior to classification in fact improves classification per-
formance.

4.2.2 Contrast selection

Previous clinical studies indicate that tumour intensity data correlates better
with response for scans with an image contrast value which is greater than 5.0
[3, 7, 17]. In the original study against which we are comparing our results, only
patients with contrast values > 5.0 in the pre-therapy scan were included in the
analysis; the remaining patient records were ignored. Initially we examined the
data in two versions, one containing the entire patient population (96 patients)
and one containing only records with contrast values > 5.0 in the first PET scan.
This sub-group of the total population consisted of 63 patients. Preliminary
results suggested in accordance with previous studies that strong correlation
with chemotherapy response could not be achieved within the population of
patients with low contrast values. Therefore, consistently with [17] we removed
from the data set those patients with contrast values < 5.0 in the pre-therapy
scan.

4.2.3 Missing values

The previous analysis [17] ignored records with missing values, i.e. patients
who have missed one or more scans. On the other hand, most of the machine
learning algorithms we have used, are able to handle missing values. We have
created two versions of the data, which were analysed independently. In the
first version (we call this version NoMV), records with missing values were
removed completely from the data set. This approach is consistent to the
previous study [17] and is used for direct comparison of performance. In the
second version (we call this version MV), all records are retained and missing
values are handled accordingly by the algorithms.



4.2.4 Prediction at different points of treatment

Two versions of the data set were created with respect to the timings of the
scans. One version (A) contained all the information from the pre-therapy
scan, the first scan after the start of chemotherapy, and the changes between
the two scans. The second version (B) contained information from the pre-
therapy, the first scan and the mid-point scan plus the changes between the
successive scans. In an actual clinical setting, using different versions would
correspond to making predictions at different time-points of the chemotherapy
treatment.

We also examined a further third version (C) which contained all the scan
data, including the final scan after the end of the chemotherapy. Preliminary
experiments revealed that using this data gives no improvement to the predic-
tive performance of the learning algorithms. This was an initially surprising
observation; although prediction at the end of the treatment would not be use-
ful from a clinical viewpoint, we would expect that having the entire data set
would provide the gold standard for data analysis. However this was consid-
ered a reasonable result by the domain expert; as the uptake of FDG by the
tumour reduces as the chemotherapy treatment progresses. There is minimal
change shown in the uptake of FDG between the midpoint and endpoint of
chemothearpy. This leads to a decrease in the quality of the image data which
shows only the FDG uptake, not necessarily the status of the actual tumour.
This is a consistent finding as similar studies have shown the same effect [2, 24],
however the reason for the fall off of FDG is not yet properly understood. It
has been suggested that chemotherapy induces vascular damage, resulting in
a drop in blood supply to the tumour and therefore a drop in FDG reaching
the tumour [15, 23]. This implies that FDG-PET becomes less sensitive to
metabolic changes as chemotherapy progresses. Another process that could
effect the quality of imaging in the late stages of treatment is the presence of
immune or stromal cells removing chemo-sensitive cells. These agents result in
an increased activity observed through the PET scan in the tumour region of
interest, which can be misleading [22].

In short, since the use of the data from the final PET scan could neither
improve predictive performance nor give any clinical benefit, in our study we
analysed thoroughly only versions A and B.

4.2.5 Attribute selection

Independently from classification, attribute selection was carried out to select
the most informative attributes from the data set. Attribute selection was based
on an attribute evaluation method which calculates the chi-squared statistic
with respect to the class. The attributes were ranked and the highest ranking
attributes were chosen until the chi-squared statistic indicated that including
additional attributes was having little effect.

Attribute selection was combined with cross-validation to ensure no over-
fitting was introduced in the process, and that we do not bias the attribute



selection in favour of the classifier algorithms. The data was split into the
same 10 folds which were later used in classification. For each of the folds, only
the training partition of the data was used to derive the selected attributes.

In the case of the data sets with pre-therapy and first therapy scans, we
selected 6 out of 19 attributes which scored the highest on the chi-squared
evaluation. For all folds, these attributes were:

• The three attributes corresponding to percentage changes in image inten-
sity between scans

• The percentage change of the derived tumour volume

• the absolute tumour volume at the first therapy scan

• the percentage change in image contrast

In the case of the data sets containing the additional mid point scan in-
formation 13 out of 30 attributes were selected and were used in 7 out of the
10 folds. In these 7 folds although the same attributes were used, the features
often ranked differently in the various folds. In the remaining 3 folds either one
or two attributes were different (from the above 13 attributes). The following
9 attributes were common to all ten folds:

• Two of the measurements of image intensity at the mid point scan

• Percentage changes in two of the measurements of image intensity be-
tween the first and the second scans and the second and the third scans

• Percentage change in tumour volume between first and second scans

• Tumour volume of the third scan

• Image contrast of the third scan

4.3 Classification

A variety of classification algorithms were trained and evaluated using the
WEKA software, including decision trees, Bayesian methods, and instance-
based learning. Each classifier was applied to each of the variations of the data
produced in pre-processing. These were derived from combining the options
of first versus second point in the treatment, and including versus excluding
records with missing values; therefore there were 4 versions of the data. We
refer to experimental settings where records with missing values were retained
as MV and to settings where they were discarded as NoMV. Index A denotes
the use of data from pre-therapy and start of therapy scans, and index B the
use of pre-therapy, start, and mid-point data. Table 1 shows the total number
of instances and the distribution between the high and low response classes
in the various settings. Note that the patients in the group NoMVB are a



Table 1: Low response, high response, and total number of instances in different
settings.

NoMVA NoMVB MVA, MVB

Low response 34 25 45

High response 13 10 18

Total 47 35 63

sub-group of those in NoMVA, which in turn are a sub-group of the ones in
the MV groups.

Initial experiments suggested that contrast selection, and attribute selec-
tion, invariably improved the performance of classification algorithms. So these
were applied in all the different settings. The same was observed with discreti-
sation, where it was applicable.

4.4 Evaluation

In order to test how well a particular model (output of a classifier learning al-
gorithm) would perform on unseen data, stratified 10-fold cross validation was
performed. This type of validation randomly divides the data set into 10 folds
(preserving the same ratio of class values in all folds). The classifier trains on
nine-tenths of the data and tests the classifier on the remaining data. This is
then repeated 10 times, each time testing on a different fold of data, and the
performances over the different folds are averaged to yield the overall perfor-
mance on the entire data. The performance of each classifier was evaluated
as both specificity at 100% sensitivity (SPS) and area under the ROC curve
(AUC), as explained previously.

5 Results

In this section we summarise the most interesting results obtained by the clas-
sification algorithms from various experimental settings. We report both the
area under the ROC curve measure (AUC) and the specificity rate at 100%
sensitivity (SPS).

Using the data from the pre-therapy and start of therapy scans, the per-
formance was in general significantly worse than when using additionally the
mid-point of therapy data. In addition we observed that numerical models (such
as linear regression models, neural networks and support vector machines) did
not match the best performance obtained by other algorithms. Table 2 sum-
marises the performance of the best-performing algorithms we have tested. NB
is the Naive Bayes classifier [14]. Bayesian network classifiers [12] were tested
using three different methods for structure learning: Cooper and Herskovits’
K2 algorithm [6], referred to as BN/K2; tabu search referred to as BN/Tabu;
and the tree-augmented naive Bayes algorithm [10], referred to as BN/TAN.



Table 2: Classification performances (percentage) of various algorithms and
results of previous research [17]. Note that previous results are optimistic as
no cross-validation was performed. The abbreviations for the algorithms are
given in the text.

NoMVA NoMVB MVA MVB

AUC SPS AUC SPS AUC SPS AUC SPS

NB 88.0 70.6 94.4 84.0 78.6 60.0 92.2 68.9

BN/K2 88.5 70.6 94.4 84.0 79.0 62.2 93.0 82.2

BN/Tabu 85.6 67.6 85.6 72.0 72.3 42.2 91.9 80.0

BN/TAN 90.1 70.6 96.0 88.0 74.1 48.9 87.8 77.8

C4.5 79.9 52.3 63.8 0.0 47.0 17.8 65.6 15.6

ADTree 86.0 47.1 78.6 4.0 80.9 40.0 74.4 42.2

NBTree 89.8 73.5 93.2 76.0 78.3 40.0 90.6 66.7

5-NN 86.7 67.6 92.0 80.0 71.5 51.1 88.1 62.2

previous 88 66 93 77

C4.5 is the well-known decision tree algorithm [19]; alternating decision trees
(ADTree) [9] and naive Bayes trees (NBTree) [16] were used as well. 5-NN is
the k-nearest neighbour algorithm [1] with k = 5 and no distance weighting.
Note that the setting NoMVB is the easiest of all experimental settings, since
it includes more information per patient (data from three PET scans), and
records with missing values (which are harder to handle), are discarded. In
contrast, the setting MVA is the hardest of the experimental settings: it con-
tains measurements of only the first two PET scans, and also includes patient
records with missing values (essentially patients who missed the second scan,
i.e. for whom only the pre-therapy scan was available).

We observe that Bayesian classifiers perform consistently well. Among
these, BN/TAN performed better than the rest in the absence of missing val-
ues while BN/K2 outperformed the others when missing values were present.
Decision trees give interesting results, but have worse performance measured as
SPS; this is due to the fact that they are less flexible than probabilistic classi-
fiers in handling varying mis-classification costs. Reasonably high performance
was also obtained by naive Bayes trees and by the k-nearest neighbour algo-
rithm in all experimental settings. (Further, the run-time for most algorithms
did not exceed a few seconds; however, naive Bayes trees took up to a minute).

Combining the figures from Tables 1 and 2 we observe that, in the setting
NoMVA, BN/TAN classifies correctly 25 out of 34 low responders at the 100%
sensitivity point. In NoMVB, the ratio is 22/25 for BN/TAN. Note also that
the ability to handle missing values gives a strong advantage to machine learn-
ing methods: When records with missing values are included in the analysis,
the BN/K2 algorithm classifies correctly 28 out of 45 low responders at 100%
sensitivity in the setting MVA, and 37 out of 45 low responders in the setting
MVB. Therefore, it is important to note that while the SPS rates are lower



than the cases where missing values are discarded for the same time points,
in fact a greater number of low response patients can be correctly identified,
without mis-classifying any of the high response patients.

6 Conclusions

In this paper we have discussed the use of machine learning algorithms for
analysing PET imaging to predict response to chemotherapy in breast can-
cer patients. We have evaluated several algorithms using real-world clinical
data. Our methodology has shown clear advantages compared to previous
approaches. Firstly, some machine learning algorithms outperform previous
methods applied to the same data. Secondly, an important advantage of the
machine learning algorithms is that they may be applied to clinical cases where
missing values occur. These factors suggest that machine learning algorithms
are highly suitable for constructing predictive models in this domain.

Additionally, some of the models produced by probabilistic and symbolic
machine learning algorithms have been interpreted by the domain expert, who
found them to be of clinical interest. Due to the small size of the available
data set, no statistically significant conclusion could be obtained. We believe
that using data from larger-scale clinical studies in this domain can lead to the
development of clinically insightful models.
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