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Abstract 
The primary purpose of this study was to find out which variables lie behind the fact that 

patients who respond well to treatment of chronic pain differs from those who do not. We used 

logistic regression to predict group belonging based on the self-reported health surveys, i.e if 

different answers in the surveys can predict whether a patient is “responsive” or “unresponsive”. 

By bootstrapping 176 samples, and aggregating the results from 176 logistic regressions based 

on the sub-samples, we calculate an averaged model. The variables anxiety and physical health 

were significant in 76% and 70% of the models respectively, while depression was significant 

in 30% of the models. Gender was significant in 15% of the models and health status in 0,006%. 

The averaged model correctly classified the most unresponsive patients at cut-off value 0.5. As 

the cut –off value was increased, the number of correctly classified unresponsive patients 

decreased while the number of correctly classified responsive patients increased, as well as 

unresponsive patients classified as responsive. We concluded that the model did not 

discriminate enough between the two groups.  

We were also interested in finding out how the variables anxiety, depression, heath status, 

willingness to participate in activities as well as engagement in activities, mental and physical 

health relate with one another. The results from confirmatory factor analysis showed that a 

patient’s health status is highly related to their physical health and activity engagement while 

pain willingness and engagement in activity were least related. Furthermore, the analysis 

showed that mental health is highly related with anxiety and health status, indicating that mental 

health is indeed important to reflect upon when considering the health status of a patient.  
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ACT           Acceptance Commitment Therapy 

CBT           Cognitive Behavioral Therapy 
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Introduction  
Every individual alive is capable of feeling pain. It is an affliction that is universally felt by 

many as well as one of the major symptom in many medical conditions. The international 

Association of Pain (IASP) defines pain as an unpleasant sensory and emotional experience 

associated with actual or potential tissue damage, or described in terms of such damage. Pain 

is not only an aversive sensation but also an experience. The main complaint may not only be 

the physical pain but also the distress. In this thesis, we aim to investigate how patients who 

suffer from “responsive” (patients who respond well to treatment) chronic pain differ from 

those with “unresponsive” (patients who do not respond well to treatment) chronic pain. We 

are also interested in finding out how variables such as depression and anxiety relate with one 

another. 

Background  
The topic, pain and its effect on human life, has been widely studied and interpreted in different 

ways by many researchers. A survey on chronic pain in 15 European countries as well as Israel 

showed that chronic pain of moderate to severe intensity occurs in 19 percent of adult Europeans 

(Breivik et al., 2006). Moreover, the study showed that although differences were observed 

between different countries, chronic pain remains a health care problem in Europe that needs 

to be taken more seriously.  

Sweden is among the countries in Europe that prides itself on providing an accurate basis for 

public debate about the welfare system and has, since 1974 kept extensive records through 

nation-wide surveys on health-related quality of life measures (Burström et al., 2001). Pain and 

the aftermath of pain remains one of the most common reasons to why most people contact the 

hospital. According to the Pain Centre (Smärtcentrum) at the University hospital in Uppsala, 

20 percent of the citizens in Sweden suffer from chronic pain. However, the proportion of those 

who suffer from unresponsive chronic pain is unknown. This is due to the fact that unresponsive 

chronic pain is not only defined by the intensity of the pain but also by a number of 

psychological aspects as well as psychological inflexibility. 

The Swedish government invests around 87 billion SEK1 per year on pain. Strenuous effort has 

been made into discovering supplementary treatments for patients that are afflicted by chronic 

pain. Doctors are more focused on treating the disease rather than the pain and have, instead of 

letting patients try different analgesic, developed a number of instruments to measure pain2. 

This has led to a decrease in medicinal treatment for chronic pain patients and an increase in 

alternative methods of treating pain. It has instead become more common to combine analgesics 

with other types of treatments such as Cognitive Behavioral Therapy (CBT) as well as 

acceptance commitment therapy (ACT).  

Despite support from the government, the progress of finding new methods on how to treat 

patients with unresponsive chronic pain has remained relatively low in Sweden. Unresponsive 

                                                 
1 www.akademiska.se 
2 http://www.mundipharma.se/sjukvard/smarta/ 
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chronic pain patients are relocated from a number of hospitals before they end up at the Pain 

Centre in Uppsala because a majority of medical personnel lack the knowledge of why these 

patients do not respond to various treatment (Eva-Britt Hysing., 2015). This shows that chronic 

pain remains poorly understood despite multiple treatment and advanced research progress 

(Ojala et al., 2014). Medical personnel still have gaps in knowledge on what differs 

unresponsive chronic patients from those with “responsive” chronic pain. 

Problem Formulation 
Various institutions and hospitals make strenuous effort not only to understand the level of pain 

a patient is experiencing through different instrument of pain measurements but also to discover 

supplementary treatment for patients with chronic pain. Uppsala University hospital has a 

department that is dedicated specifically to patients who do not respond well to the usual 

treatment methods. The department, like many in Sweden diligently keeps extensive records on 

health-related quality of life measures through different surveys. Due to lack of time and 

resources, researchers often choose to study data within their area of expertise and thereby 

neglect a majority of the data that is collected.  This study focuses on finding out using surveys 

from the Swedish Quality Registry for Pain Rehabilitation (SQRP) how a patient with 

unresponsive chronic pain differs from one with “responsive” chronic pain. It dwells 

specifically on finding characteristics/variables that lie behind the fact that a patient is 

categorized as unresponsive. 

Purpose of the study 
We find it interesting to investigate how the variables measured by the different surveys relate 

to one another. This study will therefore aim to:  

 Examine through a regression model whether it is possible to predict which group a 

patient belongs to based on their self-reported health status. 

 Investigate the relationship between anxiety, depression, heath status, willingness to 

participate in activities as well as engagement in activities, mental and physical health. 

Delimitation  
Chronic pain patients from different part of Sweden answer the surveys from the Swedish 

Quality Registry for Pain Rehabilitation (SQRP). The coverage of this study is mainly on 

patients from Uppsala university hospital. The data criteria comprises of results from the 

surveys that were answered by chronic pain patients when they were first diagnosed. This thesis 

will therefore, neither be a longitudinal study nor put emphasis on the different treatments but 

instead focus on interpreting the data that we were given by the Pain Center. The data consists 

of 10566 patients with 46 patients diagnosed with unresponsive chronic pain.  

Disposition 
This thesis is structured in six different sections. The first section presents a contextual 

background on chronic pain. Emphasis is placed on the scope, nature and the purpose of the 

study. Section two tackles the theoretical framework based on the previous scientific theories 

and researches. It starts with a brief definition of the various terminology used and elaborates 
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on their connection to the study. The third section presents the research methodology, which 

gives a more detailed definition of the different surveys as well as an outline of the data. It also 

gives an outline of the statistical methods as well as the model specification used in this study. 

The fourth section details the outcome of our empirical testing and presents the main results of 

the study. Section five sums up the general discussion as well as the discussion of the results 

while section six gives a more detailed outline of the conclusions derived from the study. In 

section seven, we discuss future research.  
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Theoretical Framework 
In this chapter, we define responsive and unresponsive as well as elaborate how different 

terminology are connected in this study. 

Definitions of responsive and unresponsive  
In this study, we refer to the two patient groups as “responsive” and “unresponsive”.  By this, 

we are referring to how they respond to treatment for chronic pain. Patients undergo different 

routine exercises when they first arrive at the pain center. Medical histories are checked by 

doctors in order to determine how well they have responded to the different analgesics in the 

past. Depending on the results from these examinations, patients are them assigned to either of 

the two groups (Eva-Britt Hysing3). The responsive group is in this case defined as chronic 

pain patients whose health can be improved by the standard treatment methods for chronic 

pain, such analgesic and/or CBT. Beyond that, they might be of different age, have different 

level of pain in different places and so on. The unresponsive group, on the other hand, is 

different from the responsive group in that, patients in this group do not respond to ordinary 

treatment methods. As a result, their life quality is severely affected, without any known 

solution. 

Pain and Depression 
Pain is often categorized as acute, or long-lasting (chronic) which is often defined as pain that 

lasts over 3 months. While acute pain does not require long periods of therapy, chronic pain on 

the other hand is more complex and often difficult to treat. The underlying causes for chronic 

pain varies between patients, but regardless of what causes the pain, different research has 

shown that chronic pain is influenced by and interacts with many factors in a patient’s life, such 

as physical, emotional, psychological and social factors. Moreover, other studies have shown 

that depression and somatization (pain where mental factors play an active role) increases the 

perception of pain in the patient as well as the perception of disruption in the patients’ daily life 

(D’Elia, 2008). This makes it difficult to treat chronic pain, as it is not a single problem but 

several.  

In a study from 2000, it is shown that there is a greater prevalence of  mental disorders among 

people with chronic widespread pain (Benjamin et al., 2000). The study examined if subjects 

with chronic pain have higher rates of diagnosed mental disorders (when diagnosed by 

professional psychiatrist) than subjects without chronic pain. The results from the study 

indicated that the odds of having mental disorders were 3.18 for people with chronic pain 

compared to people without chronic pain. Among the patients with chronic pain, 16.9% were 

estimated to have a psychiatric disorder. The majority of the diagnosed mental disorders were 

mood and anxiety disorders. While the study could not make any conclusions about cause-and-

effect when it came to mental disorder and chronic pain, it showed that people with chronic 

pain often suffer from depression and anxiety.   

                                                 
3 3 Personal Communication (17-04-2015) 



5 

 

Furthermore, many patients have depressive symptoms but do not fully meet the depressive 

disorder diagnostic criteria. It is shown that the prevalence of pain among depressed patients 

and the prevalence of depression among patients being treated for chronic pain are higher when 

examined together than separately (Bair et al., 2003). A study by Dionne et al. presented 

psychological variables such depression as good predictors for long-term and significant 

functional limitations due to chronic back pain (Dionne et al., 1997). Another study  (Elliott et 

al., 2003) indicated that chronic pain patients report lower quality of life than the general public, 

with chronic pain patients with major depression disorder having the lowest quality of life score. 

As the knowledge about the relationship between chronic pain and depression and anxiety 

disorders have increased, health care professionals have increasingly started to use holistic 

approaches to treating the patient instead of focusing “only” on the pain (Bromley Milton et al., 

2013).  

Acceptance of Chronic Pain 
One important factor that has to be considered when it comes to the well-being of the patient is 

the degree of acceptance they have in regards to the pain they experience. As chronic pain 

consist of several psychological factors along with pain intensity, treatment cannot focus only 

on relieving pain. Pain acceptance is defined as the patient’s willingness to engage in activities, 

even though some degree of pain is present and without trying to control or avoid the pain 

(McCracken and Zhao-O’Brien, 2010). McCracken and Zhao-O’Brien´s study showed that 

patients that accept some degree of pain in their day-to-day life are more likely to suffer less 

and function well. Traditionally, chronic pain treatment have focused on coping with the pain 

by using methods such as the patient averting feelings and thoughts related to their pain level. 

However, a study from 2003 (McCracken and Eccleston, 2003) indicated that strategies such 

as diverting attention are associated with higher levels of pain, depression and anxiety than 

strategies that focused mainly on acceptance of chronic pain.  In general, acceptance predicted 

lower levels of pain and disability for the patients.  

Gender and Chronic Pain 
Several studies show that chronic pain differs from men and women. A Canadian study from 

2007 showed that chronic pain is twice as prevalent among women than among men. 

Furthermore, women are also twice as likely to suffer from depression, and report higher pain 

intensity than men. (Munce and Stewart, 2007). A Norwegian study from 2004 also indicated 

that more women than men reported chronic pain and that the women reported higher pain 

intensity. Furthermore, women more often than men, received treatment for their pain (Rustøen 

et al., 2004). Rustøen´s study further demonstrated that there exists a relationship between 

unemployment and pain intensity, while no such relationship could be found for the women in 

the study. The men also reported less pain if they felt independent and able to take care of 

themselves. For both men and women, the reported pain intensity depended on the reported 

disease and pain location. 
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Research methodology 
This section gives a more detailed outline of the data as well as the statistical methods that is 

used in this study. It also specifies in detail the variables that will be studied.  

Data collection 
It is becoming more common to use measurements of the patients’ health that come directly 

from the patient together with clinical measurements of health, in order to get a more 

comprehensive picture of their health. The patient reported measurements come from surveys 

designed to have high reliability, which makes them a more reliable tool than only talking to 

the doctor (Bren, 2006).  Pain has commonly been measured by self-reporting, and by using 

reliable surveys that indicate pain levels and also measure the quality of life. It is now possible 

to gain understanding of the patients’ well-being by using these methods. The Swedish Quality 

Registry for Pain Rehabilitation (SQRP) is a registry consisting of the results from the surveys 

that are answered by chronic pain patients when they first are diagnosed. The data in SQRP has 

aggregated on a national level since 1998. The registry consists of the majority of all patients 

referred to Swedish clinical departments of rehab (Bromley Milton et al., 2013). These surveys 

focus on getting a comprehensive picture of the mental and physical state of the patient, as well 

as their living situation. Since the SQRP consist of a large amount of data it is also a valuable 

tool for research. The surveys are developed to have a high validity and being easy to understand 

for the patient, which makes them good instruments for further research. In this thesis, we use 

data material from the surveys, HAD, EQ-5D, CPAQ and SF-36.  

Surveys 
Below is a list of the surveys that will be used in this thesis. Each survey has different questions 

that are specifically meant to measure a concept or variable that is otherwise difficult to 

measure. 

HAD - Hospital Anxiety and Depression 
The Hospital Anxiety and Depression (HAD) survey consists of 14 questions with four possible 

answers for each questions that measures the degree of depression and anxiety in patients. The 

answers are later grouped in two different indices, one for anxiety and one for depression. Each 

index consist of 21 points-scale split into three groups: 0-7 points for “low risk”, 8-10 for “risk” 

and 11-21 “probable risk for depression/anxiety”. In other words, high points indicates higher 

risk (Swedish Quality Registry for Pain, HAD). 

EQ5D – Health Status 
The EQ5D survey is a self-reporting questionnaire that divides health status into five 

dimensions. It is interpreted as how much trouble the patient experience in their day-to-day life 

Patients rate items (mobility, usual activities, pain/discomfort and anxiety/depression) on a 

scale from 1 (no problem) to 3 (severe problems), which means the lower the scale, the lower 

the higher the likelihood of a patient having no trouble.  

A number of different health states can be generated from these questions. This is also known 

as a patient’s health profile. The health profile is measured as an index from -1 to 1 (or 0 to 1), 
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where low values indicate poor health and the result 1 indicates perfect health (Swedish Quality 

Registry for Pain, EQ-5D). In a study from 2007, it is shown that the health score for the 

Swedish population is 0.84 (Burström et al., 2007).  

CPAQ – Chronic Pain Acceptance and activity engagement  
The chronic pain acceptance questionnaire (CPAQ) consist of 20-item inventory measuring 

acceptance of pain. This measure has two subscales known as the pain willingness (PW) and 

activity engagement (AE). Participant rate items on a scale from 0 (never true) to 6 (always 

true) which means higher scores denote greater activity engagement and pain willingness (the 

pain willingness item are reverse scored).  Two recent studies (Vowles et al., 2008) and 

(Wicksell et al., 2009) indicate reasonable reliability as well as validity and further support the 

two-factor structure of the scale. 

SF36 – Physical and Mental disability 
SF-36 is a general survey to measure physical and mental health as well as effects of sickness 

and treatment. The survey makes it possible to compare chronic patients with other groups, as 

well. To measure the physical and mental health the survey consists of 36 multiple choice 

questions on eight different scales. These scales are measured 0-100, where high scores denote 

good health. The answers are categorized into eight scales which are later used to calculate 

indices for mental and physical health. The eight scales are physical function, physical role 

function, pain, general health, vitality, social function, emotional role function and 

psychological well-being (Swedish Quality Registry for Pain, SF-36). 

Class imbalance 
The unresponsive group consists of 46 participants while the responsive group has more than 

10 000. This can pose a problem for us in the sense that the larger group would accurately be 

described while the smaller group would “disappear”. The larger class will overwhelm the 

smaller class in any model that is computed. This could lead to misleading results. The huge 

class imbalance between the two patient groups must therefore be taken into account before the 

data is analyzed. While many statistical techniques are based on the assumption of equal group 

sizes, it is in reality very common to have groups with large differences in size between them.  

As class imbalance is frequently a problem in many different data sets and there are many 

different approaches to solve it. Each approach has different strengths and weaknesses 

depending on the data set. The different solutions can generally be divided into internal or 

external approaches. The internal approaches creates new algorithms for the data, or modify 

existing one in order to reduce problems caused by class imbalance. In the external approach, 

the data is resampled repeatedly in order to diminish the class imbalance. (Estabrooks et al., 

2004). Among the external approaches, most techniques can be divided into either upsizing the 

small group, or downsizing the large group. (Japkowicz and Stephen, 2002). This is most easily 

done by re-sampling the smaller class until it is equally big as the larger class, or by eliminating 

data from the large group until the groups have equal size. Neither undersampling nor 

oversampling are a perfect solution, and they both have different weaknesses. By oversampling 

or undersampling the data might either suffer from overfitting or loss of information, which 

makes them less ideal for many situations. Several methods have been developed to avoid these 

problems, such as combining under- and oversampling, or creating synthetic samples instead 

of duplicating them, or identifying the distribution for the data sets and then generate samples 
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within these distributions (Li et al., 2010). However, these methods are fairly complicated 

solutions. 

In this study, two methods will be used to solve the class imbalance problem. The bootstrap 

method consisting of replicate samples of n observations from the data material a certain 

amount of times. By aggregating the results from the bootstrap, it is possible for us to avoid the 

class imbalance problem without oversampling the small sample, or losing information by 

reducing the responsive patient group (Breiman, 1996).  

Participants 
The data from the SQRP included 10 566 research participants. For the purpose of this study, 

the surveys HAD, EQ5D, SF-36 as well as CPAQ were selected based on their theoretical 

relevance. Indices for the different variables were used in order to compute a logistic regression 

while for CFA the 75-item inventory from the four surveys measuring the different variables 

were used. Based on the different purposes of this study, two data set were computed. Eligibility 

requirements included participants who responded to all the questions and no missing data were 

used. Despite the large sample size, 8891 patients remained for the logistic regression data set 

and a total number of 4815 participant remained for the CFA data set. 

Chosen statistical methods 
Confirmatory factor analysis (CFA) 
In this study, the relationship between depression, anxiety, health status, engagement in 

activities, pain acceptance as well as physical and mental health will be studied. This will be 

achieved through confirmatory factor analysis. This statistical method has been selected due to 

its ability to test how well the measured variables represent the number of factors (Hair et. al 

2014 p.603). In other words, CFA is a model testing technique in which a theoretical model is 

compared with the observed structure in a sample. We will use goodness-of-fit indices such as 

the likelihood ratio test also known as the 𝜒 2-test, Tucker Lewis Index (TLI), Comparative Fit 

Index (CFI) and Root Mean Squared Error Approximation (RMSEA) to determine the degree 

to which the theoretical model as a whole is consistent with the empirical data. These indices 

will thus tell us how well the empirical data “fit” the proposed theoretical model. Hair (2014 

p.584) suggest that a CFI and TLI values above 0.95 are considered acceptable and RMSEA 

value between 0.05 and 0.08 are considered to indicate adequate fit while a study by Brown & 

Cudeck further indicate that an RMSEA values in the ranges 0.08 and 0.10 indicate mediocre 

fit (Browne and Cudeck, 1992). 

We are going to use the statistical software R version 3.1.0 with the robust estimation technique 

known as the diagonally weighted least squares (DWLS) given the ordered nature of the 

indicators. Note that the correlation matrix will only be analyzed after inspecting the goodness-

of-fit. The correlation matrix will be computed using the items, which the participants in the 

surveys rated. 
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Logistic Regression 
In this study, we would also like to examine if it is possible to predict group belonging based 

on the self-reported health surveys. Logistic regression will be used in view of its ability to 

predict the probability of having a particular property or not for different values of the 

explanatory variables (Hair et. al 2014 p.313). In this study, logistic regression will be used to 

predict whether the patients is unresponsive or not based on their survey results.  

In consideration to the class imbalanced data, the bootstrap method will be used through the 

SAS software. We will take samples of 50 observations from the responsive patient. In order to 

cover the entire sample (with missing values removed), 176 samples of 50 observations will be 

taken. This covers 8800 observations in total. Based on the 176 random samples, we will 

construct new sub-samples consisting of random 50 responsive observations and the 41 

unresponsive patients. The new sub-samples will be used to give us 176 logistic regressions. 

Variables for the Logistic regression 
In order to avoid bias and overfitting the model, the number of predictor variables must be 

restricted. For each predictor variable, it is recommended to have 10 observations in each 

dependent group. As our model consists of 50 unresponsive patients and 41 responsive patients, 

we have restricted the model to five explanatory variables. 

We have previously discussed through different theoretical articles how variables measured by 

the surveys are important to consider when computing a model that categorizes the patient into 

different groups. Considering the fact the number of  explanatory variable that are to be included 

in the model are limited. It is important to investigate how the variables correlate with one 

another. A correlation matrix (Pearson) was therefore computed using indices for the different 

variables as shown in Table 1: 

Table 1. Pearson´s correlation matrix for the survey scores. 

 Gender Mental 

health 

Physical 

health 

Anxiety Depression Health 

status 

Gender 1.000      

Mental 

health 

0.0173 1.000     

Physical 

health 

-0.0848 -0.189 1.000    

Anxiety 0.008 -0.670 0.019 1.000   

Depression -0.032 -0.687 -0.120 0.660 1.000  

Health 

status 

-0.020 0.347 0.356 -0.296 -0.403 1.000 

 

SF-36 MCS, depression and anxiety have high correlations with each other. SF-36 MCS can 

therefore be excluded. The next highest correlation is between health status and depression at -

0.4 and physical health and health status at 0.36. The lowest correlations belong to gender and 

the survey variables. The chosen variables are also variables with few missing values. There 

are other variables that are of interest, such as chronic pain acceptance (CPAQ), but contained 
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too many missing values to be useable. We therefore decided to forego the survey CPAQ during 

the computing of the logistic model.  

The variables that will be included in the model are chosen based on the discussion in the theory 

(see chapter: “theoretical framework”). As discussed in the theory section, depression and 

anxiety have a comorbidity with chronic pain, and it is common for patients to be diagnosed 

with depression and anxiety disorders. Gender will also be included in the model as a dummy 

variable, where male patients are 1 and female patients are 0 in view of the fact that previous 

studies have shown that there is a difference in gender for the number of patients being treated 

for chronic pain. It is also of interest to see if a patient´s health and physical status influence 

which group a patient belongs to. The model being examined is: 

𝑝𝑎𝑡𝑖𝑒𝑛𝑡 𝑔𝑟𝑜𝑢𝑝 =  𝛽1 + 𝛽2𝑋2 +  𝛽3𝑋3 +  𝛽4𝑋4 + 𝛽5𝑋5 +  𝛾6𝑋6 + 𝜀 

Where: 

β1 = constant 

β2 to β5 = Beta coefficients 

γ6 = Dummy variable coefficient for gender 

 X2= Physical health 

X3= Health status 

X4= Depression 

X5= Anxiety 

X6= Male 

Below is the model that will be computed using the 176 sub-samples. 

𝑈𝑛𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑖𝑣𝑒 = β1 + β2𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙ℎ𝑒𝑎𝑙𝑡ℎ + β3ℎ𝑒𝑎𝑙𝑡ℎ𝑠𝑡𝑎𝑡𝑢𝑠 +  β4𝑑𝑒𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 + β5𝑎𝑛𝑥𝑖𝑒𝑡𝑦

+ γ6𝑚𝑎𝑙𝑒 + 𝜀 

Each performed logistic regression will give an estimation of the variables’ coefficient (𝛽�̂�). 

We will use Nagelkerke’s pseudo 𝑅2 to find out how well the each of the 176 model explains 

the variation in whether a patient is categorized as unresponsive. Calculating an average for 

the coefficients in the 176 regressions will enable us to create a new model that includes the 

averaged coefficients. 

𝑈𝑛𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑖𝑣𝑒 = 𝛽1
̅̅̅̅ + 𝛽2

̅̅̅̅ 𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙ℎ𝑒𝑎𝑙𝑡ℎ + 𝛽3
̅̅̅̅ ℎ𝑒𝑎𝑙𝑡ℎ𝑠𝑡𝑎𝑡𝑢𝑠 + 𝛽4

̅̅̅̅ 𝑑𝑒𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛 + 𝛽5
̅̅̅̅ 𝑎𝑛𝑥𝑖𝑒𝑡𝑦

+ γ6
̅̅ ̅𝑚𝑎𝑙𝑒 

The averaged model specified above will later be used to reclassify the patients, in order to see 

if it is a good model.  

ROC-curve  
To reclassify the data material, the probability of being sorted into the unresponsive category 

is calculated. The probability level at which a patient is sorted into the unresponsive category 

is decided by which cut-off value is used. For example, if the cut-off value is set at 0.5, all 
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observations with probability higher than 0.5 is classified as being unresponsive.  Hair et al 

(2014) suggests a criterion for deciding if the amount of correct classifications are better than 

pure chance: “The classification accuracy should be at least one-fourth greater than that 

achieved by chance.” (p. 261). As there are two groups, responsive and unresponsive the prior 

probability is 0.5. In this study, the number of correctly classified will be compared for the cut-

off values 0.5 and 0.625. For each cut-off value there will be a number of correctly and 

incorrectly classified patients. The correctly classified patients can be divided into unresponsive 

patients that are classified as unresponsive (true positives), and responsive patients that are 

classified as responsive (true negatives). Among the incorrectly classified patients, there will 

be unresponsive patients classified as responsive (false negatives) and responsive patients 

classified as unresponsive (false positives). The true positive rates for the cut-off values and the 

false positive rates will be used to evaluate the model by using a Receiving Operative 

Characteristic (ROC) curve. In a ROC-curve, the true positive rate (TPR) is the sensitivity of 

the model while false positive rate (FPR) is the specificity of the model. The ROC-curve will 

plot the sensitivity and specificity for each cut-off value and illustrate the trade-off between 

them. The area underneath the ROC-curve measures how well the model can distinguish 

between the unresponsive and responsive group. If the curve and area underneath is in the upper 

diagonal, the model performs better than random chance.4  

Reliability and Validity 
In this explanatory study, current primary data from different surveys was used to generate the 

results. A combination of literature and articles from different sources were presented and 

compared against the results from past studies. There is however a possibility that the data from 

the surveys could be overrated in view of the fact that patients, especially those suffering from 

chronic pain tend to overrate their pain. However, as the “unresponsive” group is defined by 

more than the level of pain, this might not be relevant. A descriptive, confirmatory factor 

analysis of the relationship between the ordinal variables and their factors as well as a regression 

and correlation analysis were all conducted. The results from these different procedures were 

compared to guarantee reliability and ascertain that errors were minimized. 

Significance level 
We have decided on using p<0.05 for statistical significance in this paper. This decision is 

mainly based on the fact that p<0.05 is accepted as standard, and there are no compelling 

reasons to use another p-value to determine statistical significance. 

  

                                                 
4 https://www.medcalc.org/manual/roc-curves.php 
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Empirical data presentation 
In this chapter, we present descriptive statistics as well as the results from the logistic 

regression and CFA. 

Initial descriptive analysis 
Of the total 10566 participants 8414 remained after initial elimination of partial answers, with 

2574 men and 5840 women. Of the 8414 patients, 69% were female while 31% were male. The 

patients classified into the unresponsive group were 46 in total while the rest were in the 

responsive group. 80% of those in the unresponsive group were female while 20% where male. 

Patients in the responsive group have suffered from chronic pain for 9 years while those in the 

unresponsive group have lived with chronic pain for 11 years.  

The average age for patients in the responsive group was 43 with the youngest patient at 15 and 

the oldest at 82 years, and a standard deviation of 11 years. A t-test showed significant 

difference on the average age between the men and women. In other words, the average age in 

this study is higher for men than for women. Among the unresponsive patients, the average age 

was 42 years with the oldest patient at 62 and the youngest at 21 years and an average variation 

of 10 years. We performed a t-test in order to find out if the average age is significantly different 

between the two patient groups. The results showed that the average age is not statistically 

significantly different between the responsive (43 years) and the unresponsive (42 years) group. 

Below is a summary of box-plots for the different variables computed using the indices of the 

variables. 

Figure 1. Box-plots of age for the two patient groups 
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Figure 2. Box-plots of anxiety for the two patient groups 

 
Figure 2 shows the different levels of anxiety in the responsive and unresponsive group. The 

responsive group have a higher mean and median anxiety score than the unresponsive group. 

The mean score for the unresponsive group is slightly lower than the responsive mean and the 

difference between the medians is large. As high scores in the HAD - Anxiety survey indicate 

higher levels of anxiety, the results from the boxplot shows that in this data set, the responsive 

patients in general had slightly higher levels of anxiety. However, looking at the individual 

answers, both groups had some members that scored highly on the anxiety-scale, and some that 

received a zero.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



14 

 

 

 

Figure 3. Box-plots of depression for the two patient groups 

 

 
 

Figure 3 shows the difference in HAD - depression scores for the patients. The figure shows 

that the two patient groups have similar scores in their level of depression. The unresponsive 

patients have slightly higher mean and median depression scores than the responsive group. 

Both groups have some patients that differentiate themselves by having very high or very low 

scores.  
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Figure 4. Box-plots of health status for the two patient groups 

 
When examining the level of pain that participants in the survey reported, the responsive group 

have on average that is higher than the unresponsive group. As pain is measured with a scale 

where 100 is ‘perfect health’  and lower point indicate more pain, Figure 4 shows that the 

responsive patients experience less pain than the unresponsive. The pain levels of the patients 

are spread from 100 to 0, with a mean of 40.3.  
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Figure 5. Box-plots of physical health for the two patient groups 

 
Finally, physical health (which is defined as physical role functioning, physical function, 

vitality and pain) differs between the two groups. As higher scores indicate better health, Figure 

5 shows that the responsive group in general have better physical health. Their average and 

median score are slightly higher than the scores for the unresponsive group. All of the 

unresponsive patients have reported scores between 50-10, while the responsive group have a 

wider spread. 

 

 

A study by Burström (2007) showed that the health score (Index from the EQ5D survey) for 

the Swedish population is 0.84. We were interested in finding out whether the health score for 

the patients in the study is significantly different from the Swedish population. We performed 

a t-test where: 

𝐻0: ℎ𝑒𝑎𝑙𝑡ℎ 𝑠𝑐𝑜𝑟𝑒 = 0.84 

𝐻𝑎: ℎ𝑒𝑎𝑙𝑡ℎ 𝑠𝑐𝑜𝑟𝑒 ≠ 0.84  

The results indicated that there is a statistically significance difference between the health score 

for the patients in our study and the Swedish population (t = -190, p < .0001). In other word, 

patients in this study have statistically significantly lower mean score (0.23) on health score 

than the Swedish population (0.84) indicating that they are indeed in need of health care. 
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CFA 
As discussed in the chapter chosen statistical methods, the CFA model testing technique is used 

to compare a theoretical model with the observed structure in a sample using different 

goodness-of-fit indices. With 4815 observations we were able to compute a model of the seven 

variables; anxiety and depression as indicators from the survey HAD, pain willingness and 

activity engagement from CPAQ, health status from the EQ5D survey and physical health as 

well as mental health from the SF36 questionnaire. 

The initial analysis of the first model for the four surveys (HAD, CPAQ, EQ5D and SF36)  

using the CFA approach showed a significant p-value for the 𝜒 2 goodness-of-fit index but 

given the it was difficulty to get a non-significant p-value (< 0.0001) given the large sample 

size. The RMSEA value was 0.089, which is slightly higher than the cut-off value of 0.08 that 

Hair (2014) states as adequate fit. However, the CFI as well as the TLI indices had values of 

0.974 and 0.973 respectively, which is an indication of acceptable fit. The model seems to be a 

mediocre to adequate fit. See Appendix 1.1 for a general model specification. 

After examining the model-fit, the next step is to study the relationships between these seven 

variables that were computed using the item that participants in the surveys rated. This is done 

by studying the correlation matrix. The correlation is a measure of association between two 

variables. Correlation coefficients take on values between -1 and +1 with values near -1 

indicating a strong negative relationship and values near +1 indicating a strong positive 

relationship. Values near zero indicate the lack of a relationship. Below is a table of the 

correlation matrix that describes the relationship of the variables anxiety, depression, health 

status, activity engagement, participation willing, physical health and mental health.   

Table 2 . Correlation matrix from the first model  

 Anxiety Depression Health 

status   

Engage Willingness Physical 

Health 

Mental 

Health 

Anxiety 1.000                                          

Depression 1.272   1.000                                         

Health 

status   

0.830   0.842   1.000                                        

Engage -0.416 -0.535 -0.635   1.000                                       

Willingness 0.400   0.373   0.445 -0.297   1.000                                      

Physical 

Health  

0.357   0.432   0.925 -0.561   0.317   1.000                                     

Mental 

Health  

-0.804 -0.859 -0.850   0.604 -0.380 -0.553 1.000                                    

 

Table 2 shows that we clearly have an problem between the constructs, anxiety and depression. 

A correlation above 1 is an indication of the fact that anxiety and depression are almost 

indistinguishable in the sample that was studied. It may be because we have too many constructs 

in the model. However, we did not have the chance to examine the residual correlation during 

the course of this study. We decided to exclude the variable depression and compute a second 

model. See Appendix 1.2 for a general model specification. 
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The initial analysis of the second model is that the model is still a poor fit with RMSEA value 

of 0.85, TLI at 0.75 and CFI at 0.74. This may be due to some items within a factor are more 

related to each other than others. It would have been good to study the residual correlation in 

order to find out which items have higher correlation than other. The following table illustrates 

the correlations between the  six variables.   

Table 3 . Correlation matrix from second model  

 Anxiety Health status   Engage Willingness Physical 

Health 

Mental 

Health 

Anxiety 1.000                                         

Health status   0.843   1.000                                        

Engage -0.434 -0.639 1.000                                       

Willingness 0.416   0.446 -0.296  1.000                                      

Physical 

Health 

0.376   0.927 -0.560   0.316   1.000                                     

Mental Health -0.813 -0.856   0.603 -0.377 -0.553 1.000                                    

 

The correlation matrix in Table 3 shows strong relationships between anxiety and health status 

as well as mental health. Anxiety and mental health have a negative relationship, which means 

the healthier a patient is mentally, the less anxiety they are likely to feel. Physical health and 

health status has the strongest relationship with a correlation at 0.93. The weakest relationship 

is between activity engagement and pain willingness at 0.296.  Activity engagement and mental 

health correlate negatively with all other variables which means that the higher a patient´s level 

of anxiety, physical health etc. the lower their mental health and likelihood of engaging in 

activities.    

Comparing table 1 (Correlation matrix for the survey scores) that was computed by using the 

different indices for the variables and tables 3 (Correlations matrix from second model) that 

was computed using the using the items participants rated in the surveys, the correlation 

matrices for the variable that are included in both tables seem to differ. The correlations in table 

1 are much lower than in table 3 indicating that some of the information is lost when items are 

calculated into indices. Furthermore, mental health and health status correlate positively when 

calculated through indices and negative when calculated through items. The difference in signs 

could be due to the fact that health status in table 3 is defined by how much pain a patient 

experiences in their day-to-day life while health status in table 1 is defined by an index 

calculated not only on how much pain a patient experiences but also the emotional and 

psychological.  

Logistic regression 
Logistic regressions are used to model the patients’ group belonging.  When we computed the 

different logistic regressions, the number of time each variable was significant varied in the 176 

models. Depending on the sample, the nested model varied from having no significant variables 

to having two or more significant variables out of five. Figure 2 illustrates the number of times 

each variable was significant. 
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Figure 6. How often each variable is significant. 

 

As shown in Figure 6 as well as Table 4, both anxiety and physical health are statistically 

significant in the majority of the models. In Table 4, depression is significant 35% of the time, 

while gender only is significant 15% of the time. The variable health status, which measures 

how much pain the patient is in significant only once out of 176 logistic regressions. A t-test 

for the health status shows that there is no statistical significant difference between the two 

groups regarding the level of pain they feel. 

Table 4. Percentage of amount of models with significant variables.  

Variables How many models have p<0.05? 

Gender 15.3% 

Health status 0.006% 

Anxiety 76% 

Depression 35% 

PCS 70% 

 

Just like many other statistical methods, logistic regression also has different goodness-of-fit 

indices that are used to determine the degree to which the theoretical model as a whole is 

consistent with the empirical data or in other words, how well the estimated model fits the data. 

The Nagelkerke’s pseudo 𝑅 2explains how much of the variation in the dependent variable is 
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explained by the variables included in the model. Nagelkerke’s 𝑅 2 is “pseudo” because it looks 

like 𝑅 2 in the sense that it also has a similar scale ranging from 0 to 1 with higher values 

indicating better model fit. In our case, the Nagelkerke’s 𝑅 2 would tell us how much of the 

variation in the likelihood of being categorized as unresponsive is explained by the variables 

gender, health status, anxiety, depression and physical status.  Furthermore, each model have 

different compatibility with the data. The table below illustrates a summary of Nagelkerke’s 

𝑅 2 for the 176 models that were computed. 

Figure 7. Nagelkerke’s pseudo- 𝑅 2 for the logistic regressions. 

 

 

As Figure 7 shows, Nagelkerke’s pseudo-𝑅 2 for most of the models vary between 0.15-0.3, 

with the majority having a pseudo-𝑅 2 between 0.2-0.25. This indicates that, in the majority of 

the models (37 percent of the 176 models), the variation in the likelihood of being categorized 

as unresponsive that was explained by the variables in the model was between 20-25 percent. 

This gives us a poor to middling fit of the model. 

Next thing of interest is the averaged logistic regression. The averaged logistic regression is 

calculated by performing 176 logistic regressions and averaging the coefficients. The resulting 

model is: 

𝑈𝑛𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑖𝑣𝑒 =  2.03 − 0.074𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙ℎ𝑒𝑎𝑙𝑡ℎ − 0.0003ℎ𝑒𝑎𝑙𝑡ℎ𝑠𝑡𝑎𝑡𝑢𝑠 +  0.12𝑑𝑒𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛

− 0.14𝑎𝑛𝑥𝑖𝑒𝑡𝑦 − 0.67𝑚𝑎𝑙𝑒 

The coefficients in the model show how the log odds of the outcome change when the variable 

increases one unit. In this model, the log odds for being in the unresponsive patient category 

decreases with 0.074 when the physical health score increases, decreases on average with 

0.0003 when their health status (how much pain they are in) increases. The log odds of being 

in the unresponsive group increases with 0.12 when the depression score increase, while 
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decreasing 0.14 when the anxiety score increases. If the patient is male, the log odds of being 

in the unresponsive group decreases with 0.67. 

To measure if the averaged model classifies the patients correctly as responsive and 

unresponsive, the model is applied to the data material again. The aim is to see how good the 

model is at classifying different patients into the responsive and unresponsive categories, based 

on the averaged coefficients. In order to calculate the probabilities for being sorted into the 

unresponsive category (Y=1) given by the model, the following formula is used for logarithmic 

transformation: 

𝑃(𝑌 = 1|𝑋 = 𝑥) =
1

1 + 𝑒−(2.03−0.074𝑝ℎ𝑦𝑠.ℎ𝑒𝑎𝑙𝑡ℎ−0.0003ℎ𝑒𝑎𝑙𝑡ℎ𝑠𝑡𝑎𝑡𝑢𝑠+ 0.12𝑑𝑒𝑝−0.14𝑎𝑛𝑥𝑖𝑒𝑡𝑦−0.67𝑚𝑎𝑙𝑒)
 

The probability for being sorted into the unresponsive group is calculated for each patient in 

the data set. The distribution of the resulting probabilities are shown in Figure 8. 

Figure 8. Distribution of the probabilities (p) of being sorted into the responsive 

(patienttype=0) and unresponsive (patienttype=1) group. 

 

Figure 8 shows that the median probability of being sorted into the unresponsive group is below 

0.5 for the responsive patients. The mean probability is below 0.5 as well. However, the 75th 

percentile and the upper whisker is over p=0.5, meaning that several responsive patients will 

be falsely placed in the unresponsive group. For the unresponsive patients, both the mean and 

median probability of being classified into the unresponsive group are above 0.5. There are 

some patients that have a probability of being correctly classified that are below 0.5, which 

shows that some patients will be incorrectly classified as responsive patients at the cut-off value 
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0.5. The number of incorrectly classified patients depends on which cut-off value is used. Here, 

the proportions of correctly classified patients are shown for the basic cut-off value 0.5. 

Table 5. Classification with cut-off value 0.5 

Cut-off value: 0.5 Belong to group       

Classified as group 

  Unresponsive Responsive 

Unresponsive 68% 29% 

Responsive  32% 71% 

Of the unresponsive patients, 68% was classified correctly as unresponsive, while 71% of the 

responsive patients were correctly classified as responsive. When both the true positives and 

true negatives are counted as correctly classified, 71.4% of the patients were correctly classified 

in total. The incorrectly classified patients came from both the unresponsive and responsive 

categories. 

When increasing the cut-off value to 0.625, the amount of correctly classified patients changes 

as shown in table 6. 

Table 6. Classification with cut-off value 0.625 

Cut-off value: 0.625     Belong to group  

Classified by model as 

 Unresponsive Responsive 

Unresponsive 39% 13% 

Responsive 61% 87% 

As Table 6 shows, the proportion of correctly classified unresponsive patients has decreased to 

39% and the proportion of correctly classified responsive patients has increased to 87%. The 

total amount of correctly classified patients have increased, but only because more responsive 

patients are correctly classified. Out of the unresponsive patients, 61% are incorrectly classified 

as responsive patients, while 13% of the responsive patients are incorrectly classified as 

unresponsive. This shows that the classification rate depends on the cut-off value chosen. A 

more comprehensive picture of the effect of the cut-off values is shown by the ROC-curve in 

Figure 9. The chosen cut-off values are 0.5, 0.56, 0.625, 0.685, 0.745, 0.8, 0.865 and 0.925. 
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Figure 9. ROC-curve for the model. 

 
Each cut-off value have a rate of unresponsive patients correctly classified as unresponsive, 

which is the true positive rate. Each cut-off value also have a number of responsive patients 

incorrectly classified as unresponsive. This is the false positive rate.  The true positive rate and 

false positive rate are a part of the model's ability to discriminate. The graph shows how the 

discrimination ability changes depending on the cut-off value. As can be seen in Figure 9 the 

false positive rate increases as the cut-off value increases. For high cut-off values, the false 

positive rate increases more than the true positive rate. However, the discrimination ability of 

the model is shown to be fairly good as the curve is above the 45 degrees trend line. 

 

After examining the averaged model, it is of interest to compare it to a non-averaged, 

imbalanced model. By performing one logistic regression with 41 observations in the 

unresponsive group and 8888 observations in the responsive group, it is possible to compare 

the balanced model (with average coefficients) and the unbalanced model (with a huge class 

imbalance). The unbalanced logistic regression have the coefficients  
  

𝑈𝑛𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑖𝑣𝑒 =  −3.76 − 0.055𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙ℎ𝑒𝑎𝑙𝑡ℎ + 0.002ℎ𝑒𝑎𝑙𝑡ℎ𝑠𝑡𝑎𝑡𝑢𝑠 +  0.13𝑑𝑒𝑝𝑟𝑒𝑠𝑠𝑖𝑜𝑛

− 0.15𝑎𝑛𝑥𝑖𝑒𝑡𝑦 − 0.68𝑚𝑎𝑙𝑒 

In this model, physical health, anxiety and depression are statistically significant. Nagelkerke’s 

pseudo-𝑅 2 is 0.056, which shows that the model is not a good fit for the data. Furthermore, by 

calculating the number of true positives, true negatives, false positives and false negatives the 

model is shown to not classify the unresponsive patients correctly.  
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Table 7.. Percentage of true positive, true negative, false positive and false negative classifications. 

     Belong to group  

Classified by model as 

 Unresponsive Responsive 

Unresponsive 0 0 

Responsive 100% 100% 

 

Classification by the unbalanced logistic model results in all unresponsive patients being 

classified as responsive (false negatives), and all responsive models are correctly classified (true 

negatives). There are no patients classified as unresponsive, which means there are zero true 

positive classifications and zero false positive classifications. As none of the p-values are larger 

than the cut-off values, no patients will be classified as belonging to the unresponsive group. 

Discussion 
As shown previously, the imbalanced data placed some restrictions on the modelling of the 

data. We adjusted the size difference between the patient groups by resampling the larger set 

several times. However, this did not solve the problem of having a small data set for the 

unresponsive group. It is hard to say if the 41 unresponsive patients that were included in this 

study fairly represent the population as a whole. Furthermore, it is more difficult to know if the 

observations in the unresponsive data set are outliers or otherwise irregular as there are few 

other observations to compare with. It makes it more problematic to compare the two patient 

groups, as it is likely that the 41 observations do not capture the full complexity among the 

patients with unresponsive chronic pain.  

The small data set for unresponsive patients also restrict the sample size of the responsive 

patients to 50 patients in each sample. In the end, we computed each logistic regression on a 

data sub-sample consisting of 91 observations, which placed restrictions on the number of 

variables to be used in the model. A general rule of thumb says that each explanatory variable 

should have at least 10 observations in each group. In this model, we had 91 observations which 

means that the model could only consist of 4.5 variables. We used five variables, which means 

that, we might have over-fitting the model slightly. When constructing a model, there are both 

a risk for over-fitting the model by using too many variables or leaving variation unexplained 

by leaving variables out. By over-fitting a model, the model loses predictive ability and is 

difficult to use on new data. Since we have rounded up 4.5 variables to 5 in order to be able to 

use the variables we considered theoretically interesting, there might be some slight overfitting 

going on. This would be possible to check for by dropping the non-significant variable health 

status and comparing the results. For the most informative test results, this should be performed 

by testing the models on a data set not used in developing the models. However, since the data 

set for unresponsive patients is small it was not possible to leave out some observations from 

the model to use for later testing. While there are 80 observations from the responsive group 

that were not used when constructing the model they cannot tell us anything about how the 



25 

 

models performs when it comes to classifying unresponsive patients, which is the primary 

question of interest.   

Discussion of results 
Based on current research about the relationship between chronic pain, depression and anxiety, 

the HAD survey was of interest to use in both the CFA and the logistic model. Gender is a 

variable that generally is of importance when looking at different experiences of chronic pain. 

As women are more commonly treated for chronic pain, we reasoned that further differences 

might exist between responsive and unresponsive men and women and indeed, initial 

descriptive analysis showed that the 80% of patient in the unresponsive group are women. 

Health status (a patient’s current level of pain) was also included in order to find out whether 

unresponsive patients rate their health status differently.  

Physical status, activity engagement, pain willingness and mental health were also among the 

variables we were interested in studying. Though activity engagement, pain willingness and 

mental health were not included the logistic model, a factor analysis of the different variables 

showed that a patient’s health status is highly related to the physical health and activity 

engagement while pain willingness and engagement in activity were least related. As discussed 

in the previous chapters, chronic pain treatment have focused on coping with the pain and 

alternative strategies of pain acceptance have only recently started to emerge. The relationship 

between activity engagement and pain willingness might be weak due to the fact that patient 

rarely have a high degree of acceptance in regards to the level of pain they experience. 

Furthermore, the CFA analysis showed that mental health is highly related with anxiety and 

health status, indicating that mental health is indeed important to reflect upon when considering 

the health status of a patient. 

After performing the 176 logistic regressions, we made some conclusions on the rate of 

significant variables. First of all, it is important to note that health status was almost never 

significant. This tells us that the level of pain the patients report is not a useful variable to 

include in a model the categorizes patients into the responsive and unresponsive group. This 

could be interpreted to mean that there is no significant difference in a patient’s reported level 

of pain between the two groups.  

Next, gender is a significant variable in 15% of the models. While theoretical studies show that 

gender often have a relationship with different aspects of chronic pain, it is not possible in this 

study to claim it influences the probability of having unresponsive pain. Depression is 

significant in 35% of the models. Considering the comorbidity between chronic pain and 

depression, it is interesting that the variable depression does not consistently differ between 

unresponsive and responsive patients. Physical health status is significant variable in 70% of 

the models and anxiety in 75% of the models. This shows that there are differences between the 

two patient groups in the level of anxiety they report, and in their physical health. 

When looking at the pseudo-𝑅2, we can see that the amount of variation explained by the 

models vary between 0.1 and 0.4. This interval shows us that the fit of the variables depend a 

lot on the randomly selected samples used in the regression. A model with the pseudo-𝑅2 0.1 

is a poor fit for the data, while a model with the pseudo-𝑅2 0.4 has a good fit, considering that 

the model is trying to explain a very complex phenomenon. However, Figure 7  (Nagelkerke’s 
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pseudo-𝑅 2 for the different logistic regressions) shows us that the pseudo-𝑅2 of most models 

are clustered around 0.2-0.3. This shows that while the chosen variables explain some of the 

variation in the data, they do not provide very good fit. Other variables might be more effective 

when discriminating unresponsive and responsive patients from each other. Keeping this in 

mind, we expect the averaged model to smooth over differences that come with using different 

samples, but it cannot be better than the variables used to calculate the coefficients. If the 

variables do not explain enough of the variation in order to make good predictions, the problem 

will still persist in the averaged model. 

When the averaged model was applied at the data material the median unresponsive patient had 

higher probability of being sorted into the unresponsive category than the majority of 

responsive patient. However, there are patients from the responsive group that have very high 

probability of being sorted into the unresponsive group. Here the ROC-curve tells us more about 

the model’s discriminating abilities. First of all, as the ROC-curve is a part of the upper half of 

the graph we know that the model have some ability to predict group belonging. If not, the 

ROC-curve would be placed along the diagonal or below it. We can also see that for the first 

half of the cut-off values the true positive rate increases more than the false positive rate. 

However, the more the cut-off value is increased, the more the false positive rate increases as 

well. When looking at the individual cut-off values, we can see that the highest true positive 

rate is when the cut-off value is 0.5. Then the TNR decreases for each increasing cut-off value 

until none of the patients from the unresponsive group are correctly classified. The number of 

unresponsive patients incorrectly classified as responsive patients increase when the cut-off 

value increases. Similarly, the number of responsive patients incorrectly classified as 

unresponsive decreases while the number of responsive patients correctly classified as 

responsive increases when the cut-off value does. To summarize, the number of patients 

classified as unresponsive (both correctly and incorrectly) decreases for higher cut-off values, 

and the number of patients classified as responsive increase. As we want to find the patients 

who will turn out to be unresponsive to treatment, it would be reasonable to use a low cut-off 

value such as 0.5 as it captures the maximum amount of unresponsive patients. However, a 

lower cut-off value also means that many patients who actually will respond to treatment are 

more likely to be classified as unresponsive. In order to solve this problem, we need to develop 

a model that captures the differences between the two categories more effectively, or accept 

that a number of the classified patients are false positives. 

Both the averaged model and the unbalanced model are better at classifying responsive patients 

correctly. In the case of the unbalanced model, this is a result of creating a severely unbalanced 

model (41 observations versus 8800), while the averaged model does not fully capture the 

differences between the two patient groups. 

Conclusions  
In this study, we were interested in finding out how the variables anxiety, depression, heath 

status, willingness to participate in activities as well as engagement in activities, mental and 

physical health relate with one another. The results from the CFA showed that a patient’s health 

status is highly related to their physical health and activity engagement while pain willingness 

and engagement in activity were least related. Furthermore, the analysis showed that mental 
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health is highly related with anxiety and health status, indicating that mental health is indeed 

important to reflect upon when considering the health status of a patient.  

We also concluded using averaged logistic model that while model manages to predict 

belonging to the responsive group, it is harder to predict belonging to the unresponsive group. 

This is due to the averaged model not being good enough at making predictions for group 

belonging. As can be seen in the boxplot (distribution of probability by patient type), the 

probability of being sorted into the unresponsive group overlap for the two patient groups. As 

the responsive groups is much larger in comparison, even a small amount of wrongly classified 

responsive patients will overwhelm the unresponsive category. In order to solve this problem, 

the model need to be better at classifying the patients. When we examined Nagelkerke’s 

pseudo-𝑅2  for the logistic regression models, the results showed that the variables generally 

only explained 0.2-0.3 of the variation in the model. From this, we make the conclusion that 

the available surveys do not fully capture the difference between the responsive and 

unresponsive patients. 

Future research 
This study leaves many possibilities for future research. First, it would probably be possible to 

get a more comprehensive picture of the differences between the patient groups by increasing 

the sample size of unresponsive patients. Second, the results of this study suggests that the 

differences between patient groups is partly caused by variables not used in this study. It would 

be interesting to examining variables such as chronic pain acceptance, which were excluded in 

our logistic model, and try to develop new surveys that more accurately captures the difference 

between the patients. A multi group confirmatory analysis would also been a good way to 

analyze group differences because it would have enabled us to include many other variables 

that were otherwise excluded. 

Another topic of interest would be to do follow-up studies among these patients. As the patients 

took all of the surveys used in this paper when they first were diagnosed, they represent just 

one point in time. If they answered the surveys again during different points of time, it would 

be possible to examine if there are any long-term differences between the two patient groups. 
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Appendix 
1. Confirmatory Factor Analysis Models 

 

1.1 General schematic of Confirmatory Factor Analysis model 1. 
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1.2.1 General schematic of Confirmatory Factor Analysis model 2. 
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1.2.2 Standardized Estimates for the surveys 

CPAQ –  Activity engagement (AE) 

Question Standardized Estimates Standard Error 

CPAQ 1 1  

CPAQ 2 1.262 0.017 

CPAQ 3 0.679 0.020 

CPAQ 5 0.615 0.019 

CPAQ 6 1.266 0.017 

CPAQ 8 0.611 0.019 

CPAQ 9 1.246 0.018 

CPAQ 10 0.694 0.019 

CPAQ 12 1.215 0.018 

CPAQ 15 0.951 0.017 

CPAQ 19 0.590 0.021 

 

CPAQ – Pain willingness (PW) 

Question Standardized Estimates Standard Error 

CPAQ 4 1  

CPAQ 7 1.121 0.055 

CPAQ 11 1.539 0.070 

CPAQ 13 1.657 0.071 

CPAQ 14 2.162 0.090 

CPAQ 16 0.204 0.042 

CPAQ 17 1.420 0.064 

CPAQ 18 1.698 0.076 

CPAQ 20 1.554 0.073 

 

EQ5D – health status (HS) 

Question Standardized Estimates Standard Error 

EQ5D MOBILITY 1  

EQ5D HYGENE  0.865 0.024 

EQ5D ACTIVITY 0.866 0.02 

EQ5D PAIN 0.893 0.022 

EQ5D DISCOMFORT  1.286 0.025 
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HAD – anxiety 

Question Standardized Estimates Standard Error 

HAD 1 1  

HAD 3 1.239 0.022 

HAD 5 1.333 0.023 

HAD 7 1.071 0.021 

HAD 9 1.250 0.022 

HAD 11 0.764 0.021 

HAD 13 1.260 0.024 

 

SF-36 - Physical Health (PH) 

Question Standardized Estimate Standard Error 

SF36_GH_1          1.000                                 

SF36_GH_2          -0.591     0.030   

SF36_GH_3          0.824     0.018    

SF36_GH_4          -0.651     0.020   

SF36_GH_5          0.922     0.018    

SF36_PF_1        -0.907     0.025   

SF36_PF_2        -1.028     0.020   

SF36_PF_3        -0.859     0.020   

SF36_PF_4      -1.108     0.019   

SF36_PF_5        -1.046     0.019   

SF36_PF_6        -0.859     0.019   

SF36_PF_7        -1.128     0.019   

SF36_PF_8        -1.231     0.020   

SF36_PF_9        -1.125     0.019   

SF36_PF_10        -0.916     0.020   

SF36_RP_1         -0.230     0.022   

SF36_RP_2         -0.765     0.026 

SF36_RP_3          -0.947     0.023   

SF36_RP_4 -0.953     0.024   

SF36_BP_1  0.965     0.019    

SF36_BP_2 1.022     0.019    
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SF-36 – Mental Health (MH) 

Question Standardized Estimate Standard Error 

SF36_RE_1          1.000                                 

SF36_RE_2          2.372     0.108    

SF36_RE_3          2.403     0.112    

SF36_SF_1          -2.803     0.155   

SF36_SF_2          2.764     0.149    

SF36_VT_1        -2.335     0.133   

SF36_VT_2        -2.475     0.139   

SF36_VT_3        1.985     0.113    

SF36_VT_4      1.787     0.105    

SF36_MH_1        2.879     0.156    

SF36_MH_2        2.829     0.153    

SF36_MH_3        -2.819     0.155   

SF36_MH_4        3.940     0.222    

SF36_MH_5  -2.800     0.153   
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2. Surveys 
HAD  
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EQ5D  

 



37 

 

 



38 

 

CPAQ 

 



39 

 

SF36 

  

 



40 

 

 

 

 

 



41 

 

 

 

 



42 

 

 

 

 

 

 


