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Abstract

Chronic Myeloid Leukemia is a kind of blood cancer with around 1 inci-
dence per 100 000 persons/year. After the development of an effective
treatment, imatinib, in the late 1990:s, the survival percentage has in-
creased drastically. The high survival has turned the attention to different
kinds of treatment responses, which in turn are good prognostic factors
to future health status. In this thesis, the focus is on whether or not the
patient has achieved a so called major molecular response after 12 month,
or not. More precisely, the aim is to find prognostic factors to the 12
month response.

In order to find prognostic factors for this binary response variable, a
multivariate logistic regression analysis is conducted, with the goal of
finding a parsimonious logistic model that describes the data. The analysis
is done from a merged dataset from three earlier studies. The prognostic
factors in the final model are treatment, 3 month response, and enlarged
spleen. However, the residual analysis indicates that the model is incom-
plete, implying that further research needs to be done.

Keywords: Chronic Myeloid Leukemia, CML, Major Molecular Response,
MMR, Prognostic factors, Logistic regression, Statistical modelling.

Sammanfattning

Kronisk Myeloisk Leukemi är en form av blodcancer med ungefär 1 fall per
100 000 personer och år. Efter att det, i slutet p̊a 1990-talet, utvecklats en
effektiv medicin, imatinib, ökade överlevnadsandelen markant. Den höga
överlevnadsgraden har flyttat fokus mot olika slags behandlingsrespons,
som är bra prognostiska faktorer för framtida välmående. Den här upp-
satsen fokuserar p̊a huruvida patienten efter 12 månader har svarat p̊a
behandling p̊a molekylärniv̊a (s̊a kallad ”major molecular response”) eller
inte. Mer specifikt, målet är att hitta prognostiska factorer till denna 12
månaders respons.

För att hitta prognostiska faktorer för 12 månaders respons utförs en
multivariat logistisk regressionsanalys, med målet att hitta den enklaste
logistiska modellen som fortfarande beskriver data. Analysen är gjord
utifr̊an en sammanslagen datamängd fr̊an tre tidigare utförda studier.
De prognostiska faktorerna som inkluderas i den slutgiltiga modellen är
behandling, respons efter tremånaders, samt förstorad mjälte. Residual-
analysen indikerar dock att modellen är ofullständig, vilket innebär att
vidare forskning behövs.

Nyckelord: Kronisk Myeloisk Leukemi, KML, MMR, Prognostiska fak-
torer, Logistisk regression, Statistisk modellering
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1 Introduction

1.1 Chronic Myeloid Leukemia

Chronic Myeloid Leukemia (CML) is a rather uncommon disease with approxi-
mately 1 case per 100 000 persons and year. A majority of those who get CML
are males, and the median age at diagnosis is around 60 years. The disease
starts with a bone marrow stem cell that has a translocation between a part of
chromosome 9 and a part of chromosome 22 [14, pp. 12–13]. This results in a
proliferation of the malignant cell in the bone marrow and thus a decrease of
healthy cells. A decrease in healthy white blood cells will eventually lead to a
deteriorated immune system and an increased risk of infections. [14, p. 47]

The standard treatment for CML is a medicine called imatinib (first gener-
ation Tyrosine-Kinase Inhibitor, TKI), which has proven to be a very effective
way of decreasing the malignant stem cells [13, p. 11]. However, some patients do
not respond as much as hoped, or are even resistant or intolerant to imatinib. In
these cases there are some other possible treatments, although these treatments
are not as effective as imatinib (such as chemotherapy), or implies a high risk
procedure (such as allogeneic stem cell transplantation). Allogeneic stem cell
transplantation is the only known way to completely cure CML, even though it
does not guarantee survival [13, pp. 14–22]. Recent and ongoing research tries to
optimise treatments and combinations of treatments. One family of treatments
of main interest is that of using a medicine called dasatinib and other second
generation TKI:s [1, 11,17].

Since imatinib was introduced as the standard treatment for CML, the survival
times has been prolonged drastically. In a study comparing different chemother-
apies, the survival after 48 months was approximately 30% [14, p. 44]. A more
recent study compared different dose levels of imatinib, with a 48 months survival
of approximately 85% [1, p. 4501]. Since the survival is much higher now than
before imatinib was introduced, more focus is put on different kinds of treatment

Table 1: Explanations of medical terms

Basophils Special kind of leukocyte. Transports different
substances.

Eosinophils Special kind of leukocyte. Important part of the
immune system.

Hemoglobin Protein in the red blood cells. Transports oxygen.

Leukocytes White blood cells. Important part of the immune
system.

Platelets Cell fragments in the blood that activate coagulation.

Spleen An organ which main function is to remove old
blood cells.

Tyrosine-Kinase A group of enzymes.
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Table 2: Abbreviations

CML Chronic Myeloid Leukemia
LR Likelihood-ratio
MMR Major Molecular Response
MR Molecular Response
TKI Tyrosine-Kinase Inhibitor

responses. Molecular response is the most important kind of response [14, p. 16].
Achieving molecular response is a good prognostic factor of preventing the disease
to progress [13, p. 11]. The molecular response is divided into different kinds
of sensitivity. There are MMR, MR4.0 and MR4.5, whereas MMR is the least
sensitive but still the standard measurement of molecular response.1

1.2 Previous Research

As noted above, much of the ongoing research concern optimising treatments
for CML by combining, trying different doses of, or developing already existing
treatments. Baccarani et al. [1] compare two different doses of imatinib, with the
main conclusion that 800 mg imatinib does not significantly increase the response
rate compared to the standard treatment of 400 mg imatinib. Kantarjian et
al. [11] compare treatment effects of imatinib and dasatinib with the result that
dasatinib performs significantly better concerning response rate. Simonsson et
al. [17] compare standard treatment of imatinib and a combination of standard
treatment and interferon, suggesting that adding interferon might increase the
response rate. These studies are performed using mainly univariate statistical
analysis, with some stratifications. A recently published study uses multivariate
analysis to understand CML, however with another focus than on 12 month
MMR [3].

There are primarily two popular ways two make rough judgements of the death
risk of a CML-patient: Sokal score and Hasford score [14, p. 14]. They originate
from two large studies made in 1984 and 1998, using multivariate analyses
(estimating Cox’s proportional hazard regression). The detected risk factors
from these studies were age, spleen size, platelet counts, blast counts (relevant
in both studies), and eosinophils and basophils counts (only relevant for Hasford
score). However, this was before the use of imatinib and is thus not up to date,
although the scores have been shown to be correlated with response to imatinib.

1.3 Purpose

Since much of the recent research focuses on differences in treatment effects with-
out controlling for background variables, the reason of performing a multivariate
analysis is three-folded. The first reason is to check if the univariate results still

1MMR could be written as MR3.0, however this is not the case in any of the studies
[1, 11,14,17].
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hold when taking confounders into account. The second reason is to evaluate
if other variables than treatment are relevant for 12 month MMR. In addition,
unlike the studies cited above, the analysis in this thesis will be able to compare
more than two treatments at a time. Put shortly,

• the purpose of this thesis is to find which variables that are statistically
relevant for explaining 12 month MMR for CML patients.

1.4 Data

The data used in this thesis is a merged dataset from three different studies
comparing standard treatment to three other treatments. These studies have
been analysed using univariate analysis and have been published earlier [1,12,17].
Merging these data sets will provide possibilities to make deeper analysis, of
which this thesis is a part. The variables to be included in the analysis is chosen
by two CML researchers, Ulla Olsson-Strömberg (MD, PhD) and Stina Söderlund
(MD, PhD-student), at Uppsala University Hospital.

The variable of main interest is whether or not the patient is in MMR af-
ter 12 months or not. As described above, MMR is a treatment response and a
good prognostic factor. Roughly said, MMR is a measure of whether the propor-
tion of malignant cells is sufficiently low or not. The 12 month MMR-variable
will be the response variable in the multivariate regression analysis. As seen in
Table 3, the majority of the patients was in MMR after twelve months. Recent
studies [3, 12] indicate that early response is an important indicator of how well
it will be later. This motivates an inclusion of 3 month MMR as an explanatory
variable in the analysis, of course at a cost that it will have to wait three months
until a more secure prognosis can be made.

The main objective of the previous studies was to see if there is any difference in
treatment effects. The standard treatment is that of taking 400 mg of imatinib
per day. Since this has been the control group in all studies, the standard
treatment is overrepresented in the dataset (Table 3). Another treatment was to
increase the dose of imatinib to 800mg/day. Yet another research question was
if there is any change in effect if a dose interferon (50 µg Peg-IFN-α2b weekly)
was added to the standard treatment. The last treatment is that of the second
generation TKI, dasatinib, with a dose of 100 mg/day.

Two non-clinical background variables are gender and age. The two prog-
nostic scores described in Section 1.2, Sokal and Hasford score, both consider
age as an important prognostic factor, whereas gender has no role in calculating
those risk scores. However, a recent study shows that gender is important for
understanding CML in the presence of imatinib [3]. Age is measured in years at
diagnose.

Both Sokal and Hasford score include spleen size and platelet count in their
prognostic models. Spleen size is measured in cm and has historically been an
important part of CML [14, p. 11]. Platelets and Leukocytes are measured as
concentrations (count×10−9/liter). Another indicator of the blood health is
Hemoglobin (g/liter). The two last variables in Table 3 are Eosinophils and
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Table 3: Summary of variables in data, after discarding observations
with missing response.

Categorical variables Levels # observations

12 month MMR Yes 88
No 62

Treatment Imatinib 400 mg/day 70
Imatinib 800 mg/day 23
Dasatinib 100 mg/day 20
Imatinib + Interferon 37

Gender Female 72
Male 78

3 month MMR Yes 19
No 121

Continuous variables Median Range

Age 53 17—81
Spleen size 0 0—21
Hemoglobin 119 70—161
Leukocytes 89.95 1.2—421.5
Platelets 420.5 92—2232
Eosinophils 2 0—9
Basophils 2 0—17

Basophils. They are included in Hasford score calculation. Both are kinds of
leukocytes and they are measured in percent of the total count of leukocytes.

1.4.1 Missing Data

The data used in this thesis contains rather many missing values at different
variables. The most troublesome missing values are the ones in the response
variable, 12 month MMR. 74 out of 224 observations had missing values on
the 12 month MMR. The reason for missing data is mainly unknown, however
in some cases the patients had to discontinue the treatment due to toxicity or
other adverse events. Observations without response variable will be discarded
from the analysis. Since there are no indications of whether they are missing
at random or not, the consequence of discarding the missing responses will at
least be loss of power and at worst get highly biased estimates [8, p. 43]. This
means that the result of the analysis should not be seen as representative for
the population and should not be used for clinical research. The analysis done
below is conditioned on this fact.

For unknown reasons, there is also missing values for some observations at
one or more explanatory variables. Table 4 summarises the issue of missing
data in the explanatory variables. In total, after discarding the missing response
observations, there were 19 individuals that had missing values in the explanatory
variables. Two of these individuals had two missing values each, the other 17

6



Table 4: Summary of missing data, after discarding observations with
missing response.

Variable(s) with missing data Number of missing values

3 month MMR 10
Spleen size 3
Hemoglobin 6
Eosinophils 1
Basophils 1

observations had one missing value. In the cases of missing explanatory values,
imputation will be performed in the way discussed in Section 2.4.
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2 Method

2.1 Logistic regression

Since one aim of this thesis is to find explanatory factors for major molecular
response, a model that deals with a dichotomous response variable is needed.
There are a number of different models that include a binary response variable,
with different degree of popularity. The main idea behind these models is to
consider probabilities of a Bernoulli distributed variable (Be(p)) and to find a
relationship between this p and a linear expression of the explanatory variables,
ηi = xTi β = β0 + β1x1i + · · ·+ βpxpi. Two examples are

pi = Φ(ηi) (1)

and
pi = 1− exp {− exp(ηi)} . (2)

The model described by Equation (1) is called the Probit model and it contains
the standard normal probability distribution function Φ(·). The second equation
describes the complementary log-log model, which is related to extreme value
theory. [5, pp. 125–127]

Since there is more than one way to describe the relation between pi and
ηi, there must be a choice of which model to use. In this thesis, the model of
interest will be the logistic regression model, described by the relationship

pi =
exp(ηi)

1 + exp(ηi)
(3)

where the right hand side of Equation (3) is the distribution function of the
logistic distribution.

In some aspects, these three models are somewhat similar, but there are reasons
why to choose logistic regression [4, pp. 57–58]. Probably the most important
advantage of the logistic regression in this study is that the interpretation of the
result is comparatively easier than for the other models.

2.1.1 Properties of Logistic Regression

The logistic regression model can be expressed in terms of generalised linear mod-
els. A generalised linear model consists of three parts [5, pp. 51–52]. (1) Response
variables (Yi) that all follow the same distribution (although not necessarily with
the same parameters), (2) a linear expression (ηi = xTi β) containing parameters
and explanatory variables, and (3) a link function (g[·]) that establishes the
relationship between the expected value of the response variable and the linear
expression (g[µYi

] = xTi β).

The linear expression in the second part is mainly what this thesis is aimed to
find and describe and thus will be discussed in detail in Sections 2.2 and 2.3. In
this part of the study, the response variable Yi is assumed to follow a Bernoulli
distribution with parameter pi, Hence, µYi

= pi, and from Equation (3) above it
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is implied that

g(pi) = log

(
pi

1− pi

)
= xTi β. (4)

The right hand side of Equation (4) is called the logit function, whereas the
expression pi/(1− pi) is the odds of success for individual i. The odds of success
is therefore an important concept of logistic regression and could be interpreted
as how much more likely success is compared to failure. An odds of 1 means
that success and failure have equal probabilities (pi = 0.5). From Equation (3)
it can also be shown that

eηi =
pi

1− pi
.

Hence, the odds of success for an individual is easily calculated when knowing
the values of x and β.

As will be shown below, another important concept is odds ratio. Suppose
individuals i and j have probability of success equal to pi and pj , respectively.
Then the odds ratio between individual i and j is

ψ =
pi/(1− pi)
pj/(1− pj)

.

The direct interpretation of odds ratio is not trivial, but it gives a measure of
how much more likely it is for individual i to succeed compared to individual j.
An important cut off point for odds ratio is 1, implying that the two individuals
have the same probability of success (pi = pj). On the other hand if ψ > 1, then
pi > pj , and vice versa.

It is the choice of using the logit as the link function that distinguishes the logistic
regression from other types of binary response modelling. As mentioned above,
it is this relationship that implies tractable interpretations of the parameters in
β. To see why, consider individuals 1 and 2 for whom the linear relationship is
described as

log

(
p1

1− p1

)
= β0 + β1x (5)

and

log

(
p2

1− p2

)
= β0 + β1(x+ 1). (6)

Subtracting Equation (6) from Equation (5) yields

log

(
p2

1− p2

)
− log

(
p1

1− p1

)
= β0 + β1(x+ 1)− (β0 + β1x)

⇓

log

(
p2/(1− p2)

p1/(1− p1)

)
= β1

⇓

ψ =
p2/(1− p2)

p1/(1− p1)
= eβ1
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Hence, the value of eβ describes the odds ratio when there is one unit change in
the variable connected to β1. If β1 = 0, then the odds ratio ψ = 1, implying that
p1 = p2 which means that a change in x has no effect on the probability of suc-
cess. Note that this reasoning holds even if x is an indicator variable for an event.

Now let x1 and x2 be two indicator variables for two different events, and
let the logistic model be of the form

log

(
pi

1− pi

)
= β0 + β1x1i + β2x2i.

If individual 1 has not experienced any of the two events (x11 = x21 = 0), while
individual 2 has experienced both events (x12 = x22 = 1), then we get the
following relationship.

log

(
p2/(1− p2)

p1/(1− p1)

)
= β1 + β2

⇓

ψ =
p2/(1− p2)

p1/(1− p1)
= eβ1 · eβ2 .

This means that the combined effect of the two events is multiplicative for the
odds ratio. The property of multiplicativity is rather strong, and not always
justified. However, the property could be weakened by including an interaction
term in the model [6, pp. 225–233].

2.1.2 Estimation

As in the case for many generalised linear models, parameter estimation is
performed with maximum likelihood estimation. Since the binary response
variable is assumed to come from a Bernoulli distribution with parameter p, the
likelihood function for the observations y = [y1, y2, . . . , yn]T is

L(p1, . . . , pn|y) =

n∏
i=1

pyii (1− pi)1−yi

implying that the log-likelihood function is

logL(p1, . . . , pn|y) = l(p1, . . . , pn|y)

=

n∑
i=1

{yi log(pi) + (1− yi) log(1− pi)}

=

n∑
i=1

{
yi log

(
pi

1− pi

)
+ log(1− pi)

}
.

This expression can be rewritten, using Equations (3) and (4).

l(β|y,x) =

n∑
i=1

{
yi · (xTi β)− log(1 + exp[xTi β])

}
⇓
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∂l(β|y,x)

∂β0
=

n∑
i=1

(
yi −

exp[xTi β]

1 + exp[xTi β]

)
and

∂l(β|y,x)

∂βj
=

n∑
i=1

(
yixji −

xji exp[xTi β]

1 + exp[xTi β]

)
for j = 1, . . . , p

Estimation of β is done by solving the equation ∂l(β|y,x)
∂βj

= 0 for j = 0, 1, . . . , p.

The variance-covariance matrix of β̂MLE is given by the inverse of the observed

information matrix Î(β̂), where Î(β̂)kl = ∂2l(β|y,x)
∂βkβl

∣∣∣
β̂

[4, pp. 353–356].

2.2 Restricted Cubic Spline

When including a continuous covariate in a model it is often common practice to
assume that the relation between (a function of) the response variable and the
explanatory variable is linear. In the case of logistic regression, this assumption
has the functional form

logit(p) = β0 + β1x (7)

where x is a continuous variable. In many cases, this linear assumption is not
valid. There are a number of possibilities to adjust for nonlinearity, of which the
most common is to add one or two extra terms (x2 and/or x3) or to transform
the variable in another pre-specified way [4, p. 78–85]. However, if the functional
form of the transformation is unknown, these methods may encounter some
problems [8, p. 18].

Another possibility is to make a smoothing transformation of the explanatory
variable using restricted cubic splines (see [8, Section 2.4.4] or [6, Section 3.24]).
The main idea of this concept is to divide the domain of the explanatory variable
into smaller subsets, and then to do a certain cubic transformation of the variable.
This transformation is done in a way so that it will be smooth in the knots (the
first and second derivatives will be equal in the knots).

Let k be the number of knots at x = t1, . . . , tk. Then there will be k − 1
transformed variables and thus k − 1 parameters to estimate [8, p. 20]. The
restricted cubic transformation T : R→ Rk−1 from x to x′j for j = 1, . . . , k−1 is

x′1 = x

x′j = (x− tj−1)
3
+ −

tk − tj−1
tk − tk−1

(x− tk−1)
3
+

+
tk−1 − tj−1
tk − tk−1

(x− tk)
3
+ j = 2, . . . , k − 1

with the truncating function

(z)+ =

{
z for z > 0

0 else.
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The transformed version of Equation (7) is

logit(p) = β0 + β1x
′
1 + · · ·+ βk−1x

′
k−1.

Hence, there are k − 1 parameters to be estimated. This is done in an ordi-
nary way, using maximum likelihood. If one want to test for linearity, then
H0 : β2 = . . . = βk−1 = 0.

The number of knots to use is dependent of the trade-off between flexibil-
ity, stability and the ”cost” of degrees of freedom. Harrell [8, p. 23] suggests
that four or five knots are suitable for large (n > 100) datasets. The analysis in
this thesis is made using 4 knots. Following Harrell’s suggestion, the knots will
be placed at the quantiles 0.05, 0.35, 0.65 and 0.95.

2.3 Model Building

Building mathematical models with statistical aids is, as Dupont [6, p. 239]
points out, not a straightforward process.

”There are no hard and fast guidelines to model building other than that it is
best not to include uninteresting variables in the model that have a trivial effect
on the model deviance.”

In different literature there are different suggestions on how to build statistical
models [4, 8, 10], which makes it rather difficult to choose ”the best way”. There
are however some consensuses in parts of model building among these authors,
of which the strongest agreements is (1) that the blindfolded use of automatic
selection procedures should, if possible, be avoided (for example [8, pp. 56–58]),
and (2) that clinical and medical knowledge plays an important role (for exam-
ple [4, p. 92]). The strongest disagreement is probably the way and to what
extent one should make use of the response variables to build the model (com-
pare [8, pp. 79–82] and [4, pp. 91–98]). Hosmer and Lemeshow summarises the
disagreements by pointing out that ”the issue of variable selection is made more
complicated by different analytic philosophies as well as by different statistical
methods” [10, p. 95].

The main purpose of building this model is to find which covariates that effect
the outcome, and which that do not:

”The traditional approach to statistical model building involves seeking the most
parsimonious model that still explains the data. The rationale for minimizing
the number of variables in the model is that the resultant model is more likely
to be numerically stable, and is more easily generalized.” [10, p. 92]

This strive for parsimony is a part of most model building in general, and
maximum likelihood based binary data modelling in particular. If there are
too few events per covariate, then the result has been shown to be too insecure.
A rule of thumb that is proposed by Peduzzi et al. [15] is that the number of
variables in the model should neither be more than 1/10 of the number of events
nor more than 1/10 of the number of non-events. Another reason for trying to
keep the model as simple as possible is the risk of overfitting the model if too
many explanatory variables are included in the model.
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With two exceptions, the method of selecting variables in a model will, in
this thesis, be the one proposed by Hosmer and Lemeshow [10, Section 4.2],
which has many similarities to the method described by Collett [4, Section 3.14].
The first exception is that the potential transformation/smoothing of the contin-
uous covariates will be done by using restricted cubic splines instead of fractional
polynomials. The reason for this exception is somewhat arbitrary [7], but the
simplicity of estimation and the wide use of restricted cubic splines was the
most important factors for choosing that strategy. The second exception is the
use of likelihood-ratio statistic instead of Wald statistic when deciding whether
a variable should be included or not. The reason for this is the less powerful
and insecure behaviour of the Wald statistic in logistic regression [9]. One
disadvantage of this decision is that the likelihood-ratio statistic does not include
any easily computed confidence intervals.

The slightly modified version of Hosmer’s and Lemeshow’s selection process
used in this thesis contains four parts, all of which are conducted using SAS
statistical software. The first part (1) is to consider the univariate relation
between the explanatory variables and the outcome variable. In this part xj :s
that apparently do not contribute to the understanding of y will be excluded.
The concept ”not contribute” means that no statistical relation can be found
between the binary response variable and the explanatory variable of interest.
To investigate this potential relation between the response and the covariate, a
single linear logistic model is fitted. If the p-value of the likelihood-ratio statistic
is less than 0.25, then the covariate will be included in the further analysis. If
the explanatory variable is categorical, then it is important to verify that each
covariate structure has enough observations. This first step is an important and
effective way to reduce the number of covariates.

Part two (2) of this selection process is to fit and closely examine the multivariate
model including all the non-excluded variables from (1). The likelihood-ratio
statistics are examined and a covariate is preliminary excluded from the large
model if the p-value is less than 0.05 and if the estimate in the large model
only is marginally different from the estimate including only that covariate. If
there is a considerable difference between the estimates, then it is interesting to
examine why this is so, and a re-inclusion might be necessary. While performing
this fitting-refitting process, it is also of importance to keep track of the other
estimates and see if they change considerably. If the included covariate is con-
tinuous, then there will also be a check if the linear relationship is valid or if it
needs to be smoothed by including restricted cubic splines. This is the test for
linearity described in Section 2.2, again using p-values of 0.05 as a cut-off point.
The reduced model should now be compared, using a likelihood ratio test, to the
larger model from the beginning. The reduced model is called the main effects
model.

The next step (3) is to explore potential interactions between the covariates
in the model. Here it is important to keep in mind some common clinically
significant interaction terms [8, pp. 33–34], and only include interactions that
are reasonable from a clinical viewpoint. This might result in inclusions of extra
terms in the model. However, following the hierarchic principle [4, p. 74] implies
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that no interaction terms should be included unless the two main variables are
included as main effects.

The last part (4) is to conduct an examination of goodness-of-fit and a residual
analysis. In this way it is possible to make an overall examination of the model,
to analyse both included and excluded variables, and to find outliers and different
influential values. As a first rough validation, a classification table will be used,
indicating how well the model predicts the data. First, calculate the estimated
probabilities for the observations in the data using

p̂i =
exp(xTi β̂)

1 + exp(xTi β̂)
.

Classify the observations with p̂i < 0.5 as ”not likely to reach 12 month MMR”
and the observations with p̂i > 0.5 as ”likely to reach 12 month MMR”. The
table is constituted by both the classified values and the observed values of the
response variable. However, it is important to remember the arbitrariness in the
cutpoint p̂i = 0.5.

After classification, it is possible to calculate two measures of ”correctness”:
Sensitivity and Specificity [10, p. 157].

Sensitivity =P (Correct classification|12 month MMR)

=
Number of correctly classified 12 month MMR

Number of observed 12 month MMR

Specificity =P (Correct classification|Not 12 month MMR)

=
Number of correctly classified Not 12 month MMR

Number of observed Not 12 month MMR

A plot of Sensitivity versus 1-Specificity for all possible cutpoints is called a
ROC Curve (see Figure 1). The area under the ROC Curve is a measure of
discrimination. That is, the area is the likelihood that a randomly chosen subject
who reached 12 month MMR will have a higher estimated probability of 12
month MMR than a randomly chosen subject that did not reach 12 month
MMR [10, pp. 162–163].

A statistically more formal way of measuring goodness-of-fit of binary response
modelling is the Hosmer-Lemeshow test [10, pp. 147–149]. The test is also
based on a comparison between the observed and expected 12 month MMR. In
order to calculate the test statistic, the p̂i:s are ordered and grouped into 10
approximately equally sized groups. Let kg be the number of observations and
let og be the number of successes in the g:th group. Then the Hosmer-Lemeshow
test statistic is

X2
HL =

10∑
g=1

(
og −

∑kg
j=1 p̂j

)2
∑kg
j=1 p̂j

(
1− kg−1

∑kg
j=1 p̂j

)
which approximately follows a χ2(10− 2)-distribution, under the hypothesis that

the fitted model is correct. The expression
∑kg
j=1 p̂j is the expected number of
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successes. If the test statistic is large (implying that the p-value is small), then
the predictions of the fitted model do not follow the observations satisfactory
enough. However, since there is some degree of arbitrariness in the grouping
performed, the p-value of the test should not be interpreted too strictly [4, p. 88].

Below will be presented a number of ways to examine different aspects of how the
data relates to the fitted model. There will not be a detailed description of every
aspect, only the function it has in the analysis of residuals. More information
can be found in Hosmer and Lemeshow [10, Section 5.3] and Collett [4, Chapter 5].

The first aim of this residual analysis is to detect outliers and influential obser-
vations. To do this, first define the leverage hi as the diagonal elements of the
matrix

H = V1/2X(XTVX)
−1

XTV1/2

where X is the design matrix and V is a diagonal matrix with elements p̂i(1− p̂i).
The leverage hi is a measure of the distance between xi and the mean of the
data [10, pp. 168–169].

When dealing with binary data models, there are at least three ways to de-
fine a residual, all of which measures some distance between the observed and
the predicted value of the response. These are the Pearson residual rPi , the
Deviance residual rDi

, and the Likelihood residual rLi
[4, Section 5.1]. Since, as

will be shown in Section 3, there will be at least one continuous variable included
in the model, the number of covariate patterns will be (almost) as many as there
are observations. This implies that the residuals or, any transformation of them,
do not follow a normal- or χ2-distribution [4, pp. 129–130]. This means that the
residual analysis will be more subjective and comparative.

A way of detecting outliers is to plot an index plot of the standardised Likelihood
residuals (see Figure 2). This is also a way of finding influential observations on
the fit of the model. To detect extreme values of the explanatory variables, an
index plot of the leverage values is appropriate (Figure 3). However, outliers and
extreme values are not guaranteed to make a big impact on the model estimates.
An index plot of the ”D-statistic”

Di =
hir

2
Pi

p(1− hi)
(
p = Number of unknown parameters

)
makes it possible to find observations that have great influence on the set of
estimated parameters (Figure 4).

As stated above, the method of choosing whether or not to include an explana-
tory variable, xj , in the model is largely based on the likelihood-ratio statistic.
This statistic contains a comparison between the log-likelihoods of the models
with and without the parameter of interest. Let rLi

(inc) and rLi
(exc) be the

i:th likelihood residuals for the models including and excluding xj , respectively.
Then the ”L-statistic”

Li = r2Li
(exc)− r2Li

(inc)

is a measure of the influence of the i:th observation on the difference of the
log-likelihoods (Figure 5) [4, pp. 161–162]. This indicates the importance of an

15



observation on why an explanatory variable was included or not.

A graphical complement to the measures of assessment of fit mentioned above is
the so called Half-normal plot with simulated envelope (Figure 6) [4, pp. 137–140].
The details behind it are slightly complicated, but the main idea is to compare
the deviance residuals to what is expected by simulation. The envelope covering
the expected line is a kind of confidence band. If the observations are close to or
outside the envelope, then the plot indicates that the model might be incorrect.
The same holds if the observations systematically deviate from the expected line
in the plot.

Even though the model selection procedure is meant to find all relevant variables
in the model, there might still be uncertainties for some covariates after the
selection is done. In order to find a systematic relationship between an excluded
variable and the Pearson residuals, a so called Added variable plot [4, 140–142]
might be of help (Figures 7 and 8).

2.4 Missing Data and Imputation

As described in Section 1.4.1, the data used in this analysis has missing values.
The observations with missing response variable were discarded. To handle the
problem of missing values among the explanatory variables, single imputation will
be used, using the function transcan in the R-package Hmisc [8, p. 46]. Roughly,
the technique makes a preliminary estimation of the missing values based on
the median of the variable (mode for categorical variables). Then a multiple
regression analysis is performed for each of the variables with missing values
as response. Thereafter, an estimated conditional mean for each of the missing
values is calculated. This is done repeatedly until a convergence criterion is met.
Finally, in order to not underestimate the variability in the data set, a random
residual from the multivariate analysis is added to the estimation [8, p. 46]. In
this way, it is possible to use the observations with missing values and avoid to
loose power and/or get highly biased estimates [6, Section 5.32]. However biased
estimates are probably already a problem due to the deletion of the observations
with missing response variable.
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3 Results

3.1 Main Analysis

In order to more easily write about the different variables, it is helpful to
introduce abbreviations. These abbreviations are found in Table 5. As described
in Section 2.3, the first step of the model building procedure is to conduct a
univariate analysis to make a preliminary inclusion of covariates in the model.
Table 6 contains a summary of these analyses, implying that the covariates to
be included for further analysis are TREAT, GEND, MMR3, SPLEEN, HB, and
LEUK. Compared to the two risk scores mentioned in Section 1.2, Sokal and
Hasford scores, the univariate analysis excludes the variables AGE, PLAT (both
risk scores), EOSIN, and BASO (Hasford score). None of the scores includes
TREAT (since imatinib did not exist at the time for the two risk score studies)
or GEND. Since the concept of MMR3 is relatively new, it was not applicable
at the time of the studies.

Table 5: Abbreviations of covariates.

Covariate Levels/Units Abbreviation

Treatment Imatinib 400mg/day TREAT
Imatinib 800mg/day
Dasatinib 100mg/day
Imatinib + Interferon

Gender Female GEND
Male

3 month MMR No MMR3
Yes

Age Year AGE

Spleen size Maximum distance in cm SPLEEN
from the costal margin

Hemoglobin g/liter HB

Leukocytes 109/liter LEUK

Platelets 109/liter PLAT

Eosinophils % of leukocytes EOSIN

Basophils % of leukocytes BASO

Step 2 in the model building starts with a fitted multivariate logistic regression
and then to exclude and perhaps re-include variables in the fitted model. A brief
summary of this process is as follows: TREAT was by far the most influential
covariate for all models. GEND did not seem to contribute to any explanation
in the different models. The p-value of MMR3 ranged between 0.04 and 0.08 for
the different models, making it unclear whether the variable should be included
or not. However, according to recent research [3], 3 month MMR seems to be
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Table 6: Summary of univariate analyses.

Covariate 2 log [l(β̂)/l(β0)] df p-value

TREAT 24.88 3 < 0.0001
GEND 2.51 1 0.1134
MMR3 6.77 1 0.0093
AGE 0.08 1 0.7777
SPLEEN 7.42 1 0.0064
HB 10.89 1 0.0010
LEUK 7.94 1 0.0048
PLAT 1.08 1 0.2986
EOSIN 0.13 1 0.7167
BASO 0.57 1 0.4500

an important factor to understand the disease under the effect of imatinib and
other TKI:s. Therefore, the variable MMR3 was included in the model. A more
delicate part of the analysis was the relations between the three continuous
variables SPLEEN, HB and LEUK. Due to multicollinearity, they partly explain
the same variability in the response. When controlling for TREAT and MMR3,
the individual effects of the three covariates were highly significant. However,
in a model containing all three of them (including TREAT and MMR3 ), the
estimates and the p-values where markedly changed (details from these analyses
are found in Tables 15–21 in Appendix). In the end, it seemed as though HB
alone (with TREAT and MMR3 ) could represent the effect on the response.

The test for linearity of HB implied that the use of restricted cubic splines
was not necessary (p=0.24, see Table 22 in Appendix). The model containing
TREAT, MMR3 and HB where now compared to the original multivariate
model, using a likelihood-ratio test (Table 23 in Appendix). The p-value of 0.27
indicated that there are no obvious missing covariates in the model. Table 7
summarises the estimates of the main effects model.

Table 7: Summary of main effects model. Imatinib
400mg/day used as reference for TREAT. No 3 month
MMR used as reference for MMR3.

Covariate Estimate p-value

TREAT < 0.0001
Imatinib 400mg/day
Imatinib 800mg/day 1.001
Dasatinib 100mg/day 1.648
Imatinib + Interferon 2.030

MMR3
No
Yes 1.017 0.053

HB 0.032 0.002
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Step 3 in the selection procedure is to investigate if there are any interac-
tions that should be included in the model. Besides potential clinical reasons
to include interaction terms, the inclusion of such may ease the effect of the
multiplicative effect mentioned in Section 2.1.1. Harrell [8, pp. 33–34] mentions
ten different potential interactions in a model, of which one is of particular
interest. It is the interaction between treatment and the severity of disease.
Since HB somehow measures the blood status, which in turn might indicate
health status, the interaction between TREAT and HB was estimated. However,
the combined effect of these two variables was not strong enough (p=0.13) to be
included in the model.

Another potential interaction could be the one between TREAT and the early
response MMR3. The treatment could act differently in the long run, depending
on whether or not you responded to the treatment after 3 months. The relation
between TREAT and MMR3 is rather strong. Performing a Fisher’s exact test
for Table 8 results in a p-value of 0.004. However, such an interaction is not
possible to estimate since there is a perfect fit between the response and the
interaction between MMR3 and the level ”Dasatinib 100mg/day” in the factor
TREAT. All of the ”Dasatinib 100mg/day”-patients that reached response after
3 months (8 observations), were still in MMR after 12 months. Even though this
fact makes it impossible to estimate the interactive effect on 12 month MMR,
it seems as though taking Dasatinib 100mg/day and reach an early MMR is a
good prognostic factor for 12 month MMR.

Table 8: Cross table for MMR3 and TREAT.

Imatinib Imatinib Dasatinib Imatinib
MMR3 400 mg/day 800 mg/day 100 mg/day + interferon

Yes 7 8 8 6
No 63 15 12 31

To summarise, the preliminary suggested model with covariates that can explain
the 12 month MMR includes treatment, 3 month MMR, and hemoglobin, with
estimated parameters as in Equation (8).

logit(p) =− 4.419 + 1.001 · TREATIm800 + 1.648 · TREATDa100

+ 2.030 · TREATIm+Int + 1.017 ·MMR3 + 0.032 ·HB (8)

where TREATIm800, TREATDa100, and TREATIm+Int are indicator variables for
the treatments ”Imatinib 800 mg/day”, ”Dasatinib 100 mg/day”, and ”Imatinib
400 mg/day + Interferon”, respectively. MMR3 is an indicator variable for 3
month Major Molecular Response, and HB is the concentration hemoglobin in
the blood in g/liter. No interactions were found necessary. This presented model
needs to be evaluated using residual and goodness-of-fit analysis in the next
section.
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Table 9: Classification table for 12 month MMR. Cutpoint is choosen to
be p̂i = 0.5.

Observed

Classified 12 month MMR Not 12 month MMR Total

12 month MMR 71 23 94
Not 12 month MMR 17 39 56

Total 88 62 150

3.2 Goodness-of-fit and Residual Analysis

As discussed in Section 2.3, there are a number of ways of analysing the fitted
model. The fitted model is used to calculate the estimated probabilities of 12
month MMR, predictions that are crucial for all assessment of fit and residual
analysis.

As a first indicator of how well the model fits the data, a classification ta-
ble is used. In Table 9, a cutpoint of 0.5 is used for predicting yi = 1 (12
month MMR) versus yi = 0. Of the 88 observations that reached 12 month
MMR, 71 where classified as such. Of the 62 patients that did not reach 12
month MMR, 39 where correctly classified. Thus, the sensitivity is 71/88=0.807
and the specificity is 39/62=0.629. These numbers are not, however, easy to
interpret in a conclusive way. Therefore, a ROC Curve and the area under it
will bring some more light on the model’s ability to discriminate between yi = 1
and yi = 0. This plot of Sensitivity versus 1-Specificity is seen in Figure 1. The
area under the curve is 0.789, which, according to Hosmer and Lemeshow, is to
be considered as ”acceptable discrimination”, just below the limit to ”excellent
discrimination” [10, p. 162].

Another way of assessing the fitted model is to test the null hypothesis that
the fitted model is correct, using the Hosmer-Lemeshow test. Table 10 displays
the observed and expected values for the ten groups used for the test. The test
statistic X2

HL = 14.26 implying a p-value of 0.075 at 8 degrees of freedom. This
relatively low p-value indicates that the model misses something, at the same
time as it is not bad.

When fitting the model, there might be some observations that are more influen-
tial than others. A first way to detect outliers, and therefore better understand
what the model misses, is to plot both an index plot of the Likelihood residuals
and an index plot of the leverage values. These plots are seen in Figure 2 and
Figure 3. In Figure 2, two or three observations can be seen as outliers and overly
influential for the model fit. These are observations 92 and 124 (and perhaps 93).
However, none of them have high leverage values (Figure 3), and thus do not
have extreme values in xi, the vector of observed values for explanatory variables.
The main reason why observations 92 and 124 are considered as outliers is that
they include all positive features for a positive response – the best treatment
(imatinib + interferon), high values of hemoglobin, and 3 month MMR – without

20



Figure 1: ROC Curve for detecting 12 month MMR. Cut points 0.25,
0.5, and 0.75 are marked in the plot. Area under curve=0.789.

Figure 2: Index plot of Likelihood residuals.
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Table 10: Partition of the sample in 10 groups for the Hosmer-Lemeshow
test

yi = 1 yi = 0

Group # obs. Observed Expected Observed Expected

1 15 4 3.10 11 11.90
2 15 4 4.43 11 10.57
3 18 7 6.84 11 11.16
4 15 3 7.17 12 7.83
5 15 12 8.57 3 6.43
6 15 8 10.04 7 4.96
7 15 13 11.02 2 3.98
8 15 13 12.22 2 2.78
9 15 14 13.27 1 1.73
10 12 10 11.33 2 0.67

reaching 12 month MMR. Observation 93 has the best treatment and high values
of hemoglobin but neither 3 month nor 12 month MMR. The observations with
high values of leverage do seem to influence the model fit in a normal way,
implying that these observations are reasonably explained by the model.

To see if some observations have greater influence on the set of parameter esti-
mates, an index plot of the D-statistic is appropriate. In Figure 4 it is seen that
there are no obvious observations that alone influence the set of parameters.

Since the decision of including MMR3 in the model was not obvious, it is of
interest whether some observations had a greater impact on the likelihood-ratio
statistic than other, and, if so, in what direction. In Figure 5 it is seen that the
two greatest outliers (observation 92 and 124) both have a great influence on
the likelihood-ratio statistic. Both of them have great negative values of the
L-statistic, implying that if these two observations were omitted from the model,
then the relationship between the response and MMR3 would have been greater.
Of course, since there is no reason to believe that those two observations would
be wrong in any way, omitting them is not an option. Instead, the impact of the
two or three variables indicate that something is missing in the model.

The suspicion of that something is missing is strengthened when looking at the
half-normal plot with simulated envelopes (Figure 6). Although all but one of
the absolute values of the standardised deviance residuals are covered by the
simulated envelope, there is a systematic deviation from the expected line. The
plot also shows, again, that observations 92, 93 and 124 are to be considered as
outliers.

Since the decision of including/excluding the variables LEUK, HB and SPLEEN
was not obvious it is a good idea to examine if there is a systematic relationship
between the two excluded covariates (LEUK and SPLEEN ) and the Pearson
residual, using an Added variable plot. In order to easily detect systematic rela-
tionships, these plots are presented with a locally weighted scatterplot smoothing
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Figure 3: Index plot of leverage.

Figure 4: Index plot of the D-statistic.
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Figure 5: Index plot of the L-statistic for inclusion of MMR3

Figure 6: Half-normal plot with simulated envelope for fitted model.
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(SAS procedure PROC LOESS). Figure 7 shows no obvious relationship, implying
that the decision of excluding LEUK was correct. However, Figure 8 shows that
there is a relationship between the residuals and the excluded variable SPLEEN.
This relationship seems to be non-linear, and would thus explain why it was
missed in the main analysis in Section 3.1.

In order to further investigate the potential non-linear relationship between
SPLEEN and 12 month MMR, a new model including restricted cubic splines
for SPLEEN is estimated. Tables 11 and 12 show that the test for linearity
is significant, whether or not HB is included in the model. However, when

Table 11: Test for linearity of
SPLEEN. Controlled for TREAT,
MMR3, and HB.

Model −2 logL p-value

Incl. spline 154.676
0.018

Excl. spline 162.678

Table 12: Test for linearity of
SPLEEN. Controlled for TREAT and
MMR3.

Model −2 logL p-value

Incl. spline 156.152
0.007

Excl. spline 166.140

including the restricted cubic spline transform of SPLEEN, then the variable
HB looses its effect (p = 0.22, see Table 24 in Appendix). This leads to the
conclusion to remove HB from the model and instead use restricted cubic spline
transformation on SPLEEN. Therefore, a new model check including goodness-
of-fit and residual analysis needs to be conducted. The parts of this new analysis
that differ markedly from the earlier analysis (the one including HB instead of
SPLEEN ) are briefly summarised below.

Firstly, since more than 50% of the observations have a value of 0 of SPLEEN,
there will not even be approximately as many covariate patterns as there are
observations. This implies that the Hosmer-Lemeshow test will not be valid. But
there are still too many covariate patterns that only have one observation for
the ordinary goodness-of-fit tests to work properly [4, Section 3.8]. This means
that the goodness-of-fit analysis must rely on the area under the ROC Curve
and the half-normal plot with simulated envelopes. The area under the ROC
Curve, however, has not changed markedly (Figure 10 in Appendix). Basically,
not much has changed from the earlier analysis. The same observations are to
be considered as outliers and unduly influential to the model fit (Figure 11 in
Appendix). Due to the semi-continuous feature of SPLEEN the half-normal plot
with simulated envelope in Figure 9 is not particularly smooth. Since especially
the observations with low absolute deviance residuals seem to systematically
deviate from the expected line, the conclusion is the same as before.
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Figure 7: Added variable plot for LEUK.

Figure 8: Added variable plot for SPLEEN.
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Figure 9: Half-normal plot for model including TREAT, MMR3, and
transformed SPLEEN.
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4 Conclusion

4.1 The Model

Let the indicator variables for the different treatments and 3 month MMR be
defined as in Equation (8) and let SPLEENj be defined as xj in Section 2.2.
Then the estimated model that best describes the data is

logit(p) =− 0.278 + 1.587 · TREATIm800 + 2.455 · TREATDa100

+ 2.460 · TREATIm+Int + 1.231 ·MMR3 (9)

− 0.267 · SPLEEN1 + 6.3 · 10−5 · SPLEEN2 + 3.5 · 10−3 · SPLEEN3.

Each covariate’s degree of association (p-value) is presented in Table 13.

Table 13: p-values of the variables in Equation (9).

Covariate df p-value

TREAT 3 < 0.0001

MMR3 1 0.027

Transformed SPLEEN 3 < 0.001

In terms of odds ratio, this means that the odds for achieving 12 month MMR is
approximately e1.587 ≈ 4.9 times higher for a patient treated with imatinib 800
mg/day, compared to a patient treated with the standard treatment imatinib
400 mg/day. The corresponding odds ratios for the treatments dasatinib 100
mig/day and imatinib 400 mg/day+interferon are 11.6 and 11.7, respectively.
The odds for achieving 12 month MMR is approximately 3.4 times higher for a
patient that achieved 3 month MMR compared to a patient that did not. These
estimates and their Wald 95% confidence intervals are presented in table 14.
Since the restricted cubic spline is a non-linear transformation of SPLEEN, the
odds ratio will be different depending on the value of SPLEEN.

4.2 Discussion

4.2.1 The Model and the Lack of Fit

The model presented in Equation (9) is to be considered as the best model to
explain the data, given the variable selection method. A few noteworthy remarks
can be made about the estimates. In the original univariate study comparing
imatinib 400 mg/day and imatinib 800 mg/day [1], they concluded that the use
of the higher dose did not yield any better response than the standard treatment.
The response variable was slightly different in that analysis (Complete Cytoge-
netic Response, see [13, pp. 12–14] for a discussion about different responses).
The lower confidence limit of the Wald statistic for imatinib 800 mg/day in Table
14 exceeds unity when being compared to the standard treatment, implying that
the extra dose performs significantly better than standard treatment when using
12 month MMR as response and controlling for other, confounding variables.
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Table 14: Odds ratios for the categorical variables TREAT and
MMR3.

95% Wald
Covariate Odds ratio confidence limits

TREAT
Imatinib 400mg/day †
Imatinib 800mg/day 4.89 1.38 17.34
Dasatinib 100mg/day 11.64 2.45 55.35
Imatinib + Interferon 11.71 3.67 37.38

MMR3
No †
Yes 3.42 1.09 10.76

† used as reference group.

Another variable that deserves some attention is SPLEEN and the restricted
cubic spline transformation. It was included since, when transformed, it seemed
that SPLEEN could explain more of the variability of the response than HB.
Since an enlarged spleen is associated with CML [13, p. 6], it is surprising
that the estimated parameters to SPLEEN 2 and SPLEEN 3 both are positive
(Equation 9). This means that the probability of achieving MMR after 12 month
is estimated to be higher for patients with large values of SPLEEN compared to
patients with intermediate values of SPLEEN. This result is rather unexpected
and thus needs some further discussion.

There are at least three different ways to explain this peculiar result. The
first is that, for some unknown medical reason, large values of SPLEEN is a
good thing for 12 month MMR. In other words, the model might be correct. The
second way of explaining the result is that of the biasedness, either due to the
missing values discussed in Section 1.4.1 or due to the fact that some variable(s)
may be missing in the model (see discussion in the end of this section). The
third explanation to the estimates is the combination of sparseness of data for
large values of SPLEEN and the local sensitivity when using restricted cubic
spline. Most of the observations of SPLEEN is 0, when the others are evenly,
but sparsely, spread among the values 1–21, implying that the relation between
large values of SPLEEN and 12 month MMR is rather unstable. The point of
using restricted cubic spline is that the estimates should be more sensitive to
some regions of the domain of the variable than others. The instability among
large values of SPLEEN can thus have made an unduly great impact on the
estimates.

If this last explanation is correct, and if large values of SPLEEN are not
good for 12 month MMR, then there might be some ways to find a remedy to
the false estimates. One obvious, but not too easy way, is to collect more data so
that the relation between large values of SPLEEN and 12 month MMR stabilises.
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Another way could be to dichotomise the continuous variable SPLEEN like
”Enlarged spleen” versus ”Not enlarged spleen”. However, this is also a way of
reducing the amount of information in the variable and might result in a loss of
power [16].

Turning the attention to the model checks in Section 3, the results are a bit
ambiguous. The area under the ROC Curve was reasonably large (Figure 10),
indicating a decent model. However, the half-normal plot with simulated en-
velopes showed that the smaller of the absolute deviance residuals were too large
(Figure 9), suggesting that something in the model is not right. Since the logistic
regression modelling is based on some assumptions, it might be one of those
that is not perfectly fulfilled. The two major assumptions are (1) the logit link
function is the one that relates the linear expression xTi β to the mean of the
Bernoulli distribution, pi, and that (2) the linear expression is correctly specified.

If it is the linear component that is misspecified, then besides being a poorly
predictive model, the estimates in the fitted model will be unreliable [2, p. 70–71].
The most likely scenario is that there is one or more covariates missing, probably
not among the original variables in Table 3. If it is obvious that no variable is
missing, then the reason for lack of fit might be the link function. It is possible
to conduct a test for a set of link functions (for instance logit and complementary
log-log, but not probit) [4, Section 5.3]. However, if the true reason for lack of
fit is missing covariates, then it is not at all obvious what the test result would
imply.

4.2.2 The Model Building Process

The purpose of this thesis is to investigate which variables that can be seen as
prognostic factors for 12 month MMR. This is done by building a logistic regres-
sion model with a variable selection procedure outlined in Section 2.3. Therefore,
it is not at all obvious how to deal with the problem of multicollinearity between
the variables HB, SPLEEN and LEUK. In the end, the first decision to only
include HB, and the second decision to only include transformed SPLEEN, were
partly based on the strive for parsimony and partly due to the results from the
likelihood-ratio tests. Since, presumably, all three of these variables are in the
same chain of causation, it is not reasonable to claim that only one variable
is a prognostic factor. However, if the main aim of the model building was
prediction, then it would probably be better to use principal component analysis
or something else that summarises their joint variation.

A big part of the model building procedure used in this thesis are the comparisons
between different p-values. Building models with a wide use of p-values might be
troublesome, if the aim is to interpret the final model in the same way as if this
was the only model tested in study. But since the p-values have been used as
measurement of association, rather than formal testing, the problem is not of the
same kind as that of multiple testing. Using the p-values in the way that is done
in this thesis is a way to find ”the most parsimonious model that still explains
the data” [10, p. 92]. The low p-value of, say, MMR3 means no more than that
there is a strong association between MMR3 and the response variable in this
data set. The choice of 0.25 and 0.05 as cut-off points is, in the light of this
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procedure, even more arbitrary than the ordinary choices of significance levels.
But it is important to keep in mind that, as with mass significance, randomness
might have been a big part of the associations.

The used selection procedure, of course, means that there has been a wide
use of the response variable while building the model, a procedure that is criti-
cised by Harrell [8]. However, none of the model building procedures suggested
by Harrell has the focus of finding ”the relevant covariates for the response”.
Harrell’s methods are about prediction, effect estimation and hypothesis test-
ing [8, pp. 79–83]. In these methods there is almost no variable selection made
since more or less all variables at hand are included in the model.

4.3 Suggestions to Further Research

The analysis performed in this thesis leaves the main question a bit open. There
still seems to be something missing in the model. If it is a covariate that failed
to be included, then the main question is which one. If it is the link function
that was wrongly specified, then investigations about the correct functional form
that describes the relation between 12 month MMR and the linear predictor
needs to be performed. An alternative to making such a choice might be to use
a non-parametric binary response model, independent of any link function. One
advantage of logistic models, however, is the easiness to interpret estimates.

As discussed in Section 3.1, the sample size is too small for estimating a potential
interaction between 3 month MMR and treatment. However, the data at hand
indicates that there might be such an interaction. In another way a larger
sample size could be of great help, namely concerning the restricted cubic spline
transformation of SPLEEN, as mentioned in Section 4.2.1.

Since the aim of this thesis is to find prognostic factors that can help to explain
the 12 month Major Molecular Response, and not predictions, using Equation
(9) as a predictive model will not be reliable. If the physicians want to be able
to tell their patients something about ”probability of responding to treatment”
or ”good prognosis”, then a predictive model would be better as a way to help
the physicians and/or prepare the patients.

When building a statistical model, as done in this thesis, it is important to keep
in mind that this model does not claim anything in terms of causation. Of
course, there is no reason to doubt that treatment, in a way, has some causal
impact on the patient’s state of health. This web of causal effects is partly what
medical researchers are trying to unfold. What a statistical model can reveal is
that a variable might be in the same causal chain as the response of interest,
without disclosing the details. Therefore, a statistical model might shed some
new light on this web of causation, in terms of both which variables that are
and which that are not linked to the response. As mentioned in Section 1.2,
there are traditionally two risk scores in the presence of CML, Sokal and Hasford
methods. These models were estimated before imatinib was introduced and they
contain more covariates than Equation (9). Therefore, it might be of interest
to evaluate which clinical and biological factors that could explain why these
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variables do not contribute to the model in Equation (9). A detailed knowledge
of the chain of causation will, for example, simplify the possibility to develop
new and more effective treatments.
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Appendix

Table 15: Correlations between HB, SPLEEN and
LEUK.

HB SPLEEN LEUK

HB 1

SPLEEN -0.582 1

LEUK -0.559 0.610 1

Table 16: Summary of multivariate model including
three continuous covariates LEUK, HB and SPLEEN.
Imatinib 400mg/day used as reference for TREAT. Not
acheiving 3 month MMR used as reference for MMR3.

Covariate Estimate p-value

TREAT < 0.0001
Imatinib 400mg/day
Imatinib 800mg/day 1.2382
Dasatinib 100mg/day 1.6545
Imatinib + Interferon 2.1023

MMR3 0.0638
No
Yes 0.9902

LEUK -0.0020 0.4893
HB 0.0208 0.1071
SPLEEN -0.0550 0.3243
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Table 17: Summary of multivariate model including
two continuous covariates LEUK and SPLEEN. Imatinib
400mg/day used as reference for TREAT. Not acheiving 3
month MMR used as reference for MMR3.

Covariate Estimate p-value

TREAT < 0.0001
Imatinib 400mg/day
Imatinib 800mg/day 1.0957
Dasatinib 100mg/day 1.5956
Imatinib + Interferon 2.1291

MMR3 0.0587
No
Yes 1.0016

LEUK -0.0033 0.2464
SPLEEN -0.0848 0.1090

Table 18: Summary of multivariate model including the
continuous covariates LEUK and HB. Imatinib 400mg/day
used as reference for TREAT. Not acheiving 3 month MMR
used as reference for MMR3.

Covariate Estimate p-value

TREAT < 0.0001
Imatinib 400mg/day
Imatinib 800mg/day 1.1081
Dasatinib 100mg/day 1.4781
Imatinib + Interferon 2.1266

MMR3 0.0637
No
Yes 0.9889

LEUK -0.0033 0.2078
HB 0.0250 0.0406
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Table 19: Summary of multivariate model including
the continuous covariates SPLEEN and HB. Imatinib
400mg/day used as reference for TREAT. Not acheiving 3
month MMR used as reference for MMR3.

Covariate Estimate p-value

TREAT < 0.0001
Imatinib 400mg/day
Imatinib 800mg/day 1.2188
Dasatinib 100mg/day 1.7960
Imatinib + Interferon 2.0468

MMR3 0.0586
No
Yes 1.0046

SPLEEN -0.0718 0.1492
HB 0.0232 0.0628

Table 20: Summary of multivariate model including the
only continuous covariate SPLEEN. Imatinib 400mg/day
used as reference for TREAT. Not acheiving 3 month MMR
used as reference for MMR3.

Covariate Estimate p-value

TREAT < 0.0001
Imatinib 400mg/day
Imatinib 800mg/day 1.0430
Dasatinib 100mg/day 1.8123
Imatinib + Interferon 2.0606

MMR3 0.0520
No
Yes 1.0213

SPLEEN -0.1200 0.0048

Table 21: Summary of multivariate model including
the only continuous covariate LEUK. Imatinib 400mg/day
used as reference for TREAT. Not acheiving 3 month MMR
used as reference for MMR3.

Covariate Estimate p-value

TREAT < 0.0001
Imatinib 400mg/day
Imatinib 800mg/day 0.8310
Dasatinib 100mg/day 1.3124
Imatinib + Interferon 2.1608

MMR3 0.0556
No
Yes 1.0076

LEUK -0.0058 0.0094
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Table 22: Test for linearity of HB. Controlled for TREAT
and MMR3.

Model log l
(
β̂
)

LR df p-value

Including splines -80.947
2.864 2 0.239

Excluding splines -82.379

Table 23: Likelihood-ratio test for model including
TREAT, MMR3, and HB, compared to the full modell
including TREAT, MMR3, HB, GEND, SPLEEN, and
LEUK.

Model log l
(
β̂
)

LR df p-value

Small model -82.379
3.894 3 0.273

Full model -80.432

Table 24: Summary of multivariate model includ-
ing TREAT, MMR3 restricted cubic spline transform of
SPLEEN, and HB. Imatinib 400mg/day used as reference
for TREAT. Not acheiving 3 month MMR used as reference
for MMR3.

Covariate df p-value

TREAT 3 < 0.0001

MMR3 1 0.030

Transformed SPLEEN 3 0.018

HB 1 0.224
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Figure 10: ROC Curve for detecting 12 month MMR with model includ-
ing TREAT, MMR3, and transformed SPLEEN. Area under curve=0.802.

Figure 11: Index plot of Likelihood residuals with model includ-
ing TREAT, MMR3, and transformed SPLEEN with model including
TREAT, MMR3, and transformed SPLEEN.
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