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ABSTRACT 
Introduction: Axial Spondyloarthritis is a complex and heterogenous disorder. The 
disease varies significantly leading to a diverse spectrum of management choices. We 
analysed retrospective clinical data from our centre to identify factors associated with 
multiple biologic switches. We used clustering analysis, an unsupervised machine 
learning algorithm, and multivariate logistic regression. 
Aim: To identify factors associated with a higher frequency of biologic switches in 
axial spondyloarthropathy patients in a real-world clinical setting. 
Materials and Methods: Data were collected retrospectively from the consultations 
of 166 patients receiving biologic treatment for axial spondyloarthropathy at our 
centre from 2003 until 2021. Feature selection included: demographics; body mass 
index; clinical phenotype (axial involvement; peripheral arthritis; enthesitis; uveitis; 
psoriasis; inflammatory bowel disease); HLA-B27 positivity; radiographic disease; 
chronic widespread pain diagnosis; disease activity measures (baseline and 
aggregate scores over disease course) – Bath Ankylosing Spondylitis Disease Activity 
Index; Spinal pain Visual Analogue Score; Bath Ankylosing Spondylitis Functional 
Index; C-reactive protein; time to start biologic from diagnosis; number of biologics 
and mode of action. Clustering analysis included two additional variables: – response 
to Tumour Necrosis Factor inhibitors and Interleukin-17 inhibitors. Patients were 
defined as high biologic switchers if they received three or more biologics (not 
including non-medical switches to biosimilar agents). Multi-variate logistic regression 
was performed using MNLogit algorithm and clustering analysis using the k-means 
algorithm (Anaconda Distribution 2.7). 
Results: Clustering partitioned our dataset into three clusters: Low Disease Burden 
(LDB), High Disease Burden 1(HDB1) and High Disease Burden 2(HDB2). The LDB 
cluster showed good response to treatment, lower disease activity scores and fewer 
treatment switches. HDB clusters had higher disease activity scores; however, the HDB1 
patients had significantly fewer biologic switches. Common features of the HDB1 
cluster were female sex, HLA-B27 negativity, less radiographic disease, and more 
chronic widespread pain diagnosis. Multivariate logistic regression showed that HLA-
B27 positivity and higher disease activity scores were positively associated with more 
biologic switches, whereas time to start biologic and a diagnosis of chronic 
widespread pain were negatively associated. 
Conclusion: HLA-B27 positivity, male sex, higher radiographic burden, higher disease 
activity scores and early biologic requirement were associated with more biologic 
switches. Females with axial spondyloarthropathy, HLA-B27 negativity and lower 
radiographic disease burden had significantly fewer biologic switches despite higher 
disease activity scores and were more likely to have accompanying chronic 
widespread pain. Despite advances in treatment, patients with high symptom burden 
pose a challenge in clinical practice. Consideration should be given to objective and 
holistic assessment of symptoms and treating other associated conditions, as necessary. 
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Abbreviations: 
AI: Artificial Intelligence 
ASDAS: Ankylosing Spondylitis Disease Activity Score 
axSpA: Axial Spondyloarthritis 
BASDAI: Bath Ankylosing Spondylitis Disease Activity 
Index 
BASFI: Bath Ankylosing Spondylitis Function Index 
bDMARD: Biologic Disease Modifying Anti Rheumatic 
Drugs 
BMI: Body Mass Index 
BMP: Bone Morphogenetic Protein 
CRP: C-Reactive Protein 
CTLA4: Cytotoxic T-Lymphocyte Antigen 4 
DMARD: Disease Modifying Anti Rheumatic Drug 
IL12: Interleukin 12 
IL12i: Interleukin 12 Inhibitor 
IL17: Interleukin 17 
IL17i: Interleukin 17 Inhibitor 
IL23: Interleukin 23 
IL23i: Interleukin 23 Inhibitor 
nr-axSpA: Non-radiographic Axial Spondyloarthritis 
PTPN22: Protein Tyrosine Phosphate Nonreceptor 22 
r-axSpA: Radiographic Axial Spondyloarthritis 
TNF: Tumour Necrosis Factor 
TNFi: Tumour Necrosis Factor Inhibitor 
tsDMARD: Targeted Synthetic Disease Modifying Anti 
Rheumatic Drugs 
VAS: Visual Analogue Score 
Wnt: Wingless Transmitter 
 

Introduction 
Axial spondylarthritis (axSpA) is the most common 
arthritis affecting the axial skeleton, with an estimated 
prevalence of 1.41. It is a complex and heterogenous 
disorder, which exhibits considerable variability in 
clinical, immunological, molecular, and radiological 
phenotypes. The clinical spectrum extends beyond the 
axial skeleton; there are numerous extra-musculoskeletal 
manifestations such as uveitis, dactylitis, enthesitis, and 
peripheral arthritis, alongside comorbidities like psoriasis 
and inflammatory bowel disease (IBD)2-5. axSpA patients 
frequently experience fatigue, and there is a notable 
association with fibromyalgia6-8. AxSpA can be 
radiographic (r-axSpA, previously referred to as 
Ankylosing Spondylitis) or non-radiographic (nr-axSpA), 
depending on the presence or absence of structural 
damage on x-rays of the sacroiliac joints1. 
 
Our understanding of the disease process is constantly 
evolving. Previously, significant male predominance was 
described with a male to female ratio of 9:1. Recent 
studies have now found this to be 2-3:1 for radiographic 
disease and 1:1 for non-radiographic disease, 
suggesting an increased awareness of the disease 
process in female patients and better access to effective 
treatment9-11. A similar shift is occurring in our 
understanding of the genetic risk factors for disease 
development. While HLA-B27 continues to be the best 
known and studied genetic haplotype for this condition, 
we now know that it accounts for only ≈25% of the 
heritable component of this illness12. Proteins like protein 
tyrosine nonreceptor 22 (PTNP 22) and cytotoxic T 
lymphocyte antigen 4(CTLA4) are also implicated in the 
molecular pathogenesis13. Perhaps the most notable shift 
in our understanding of the disease has come with the 

recognition of immunological complexity; several 
cytokine and bone pathways have been identified as 
drivers of this disease process including tumour necrosis 
factor (TNF), interleukin 17 (IL17), interleukin12(IL12)/ 
interleukin 23(IL23), Janus associated kinases (JAK), bone 
morphogenetic protein (BMP), Wnt signalling pathway. 
The recognition of these pathways has generated 
multiple therapeutic targets and revolutionised the 
treatment of axSpA. The availability of multiple 

therapies targeting TNFα, IL-17A or F, or JAK isoforms 

have made the goals of disease control and remission 
achievable14-18. These drugs have the potential to lead us 
into an era of personalised medicine for management of 
axSpA. 
 
However, there continue to be significant gaps in 
knowledge which hinder achievement of excellent 
outcomes for all patients. Currently, there are no reliable 
variables which can predict response to specific treatment 
or be used for monitoring response to therapy19. It is 
recommended that therapeutic decision-making, including 
initiation of biologic disease modifying anti-rheumatic 
drugs (bDMARDs)/ targeted synthetic DMARDs 
(tsDMARDs) be undertaken by a rheumatologist with 
shared decision making with an individual16-18. Assessing 
disease activity is a complex process which relies on 
clinical assessment in conjunction with validated composite 
disease activity measures, serum acute phase reactants, 
imaging, and patient reported outcome measures. Of 
these, composite disease activity measures such as Bath 
Ankylosing Spondylitis Disease Activity Index (BASDAI), 
and Ankylosing Disease Activity Score (ASDAS), are best 
studied and most reliable20,21. However, these measures 
may not always reflect active inflammation due to the 
subjective nature of parts of the assessments.  
 

With time our understanding of what constitutes ‘disease 
activity’ has also evolved; a more comprehensive 
approach to patient management includes assessment of 
domains which impact a patient such as pain, fatigue, 
function, sleep, social health, and ability to work20,22-25. 
These are commonly collected in the clinical trial setting, 
and not often assessed in routine clinical practice. These 
changing measures reflect the expansion in our 
understanding of both the disease process and its impact 
on patients. The goal posts of axSpA therapy are 
constantly shifting to make sure that control is achieved in 
all these complex, and at times, highly subjective 
domains. 
 

It is not possible for this degree of heterogeneity and 
complexity to be adequately captured by intervention 
trials with their rigid inclusion and exclusion criteria. 
Studying real-world clinical data can help gain a 
broader and more comprehensive view of the disease 
process and impact26. The aim of our study was to try to 
identify factors associated with multiple biologic switches 
using a real-world clinical dataset of axSpA patients. 
Identification of these factors can potentially improve 
treatment selection for individual patients and help 
understand barriers which prevent achievement of clinical 
remission or low disease activity in a real-world setting. 
We used two different analytic techniques – Clustering 
analysis, a statistical method capable of handling 
heterogenous, complex data including mixed data types, 
and multivariate logistic regression which looks at the 
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association of multiple variables with a predetermined 
binary outcome. Clustering analysis segregates data into 
groups based on similarity; it does not require a 
predefined outcome variable and can therefore discover 
hidden structures within a given dataset27. This allows 
discovery of previously unrecognised trends and can lead 
to generation of new hypotheses, which are rooted in 
statistical fact. Multivariate logistic regression requires a 
predefined binary outcome variable. While this has the 
drawback of imposing an arbitrary structure onto a 
dataset, it is useful for assessing a pre-defined hypothesis 
and delineating the strength of the association a given 
variable has with the outcome measure. Using both 
techniques on a given dataset can potentially allow for a 
more thorough analysis and generate deeper insight into 
complex datasets. 
 

Methods & Results: 
STUDY POPULATION  
Data were collected retrospectively from the clinical 
consultations of 166 patients receiving targeted 
therapies for axSpA at our centre from 2003 until 2021. 
Feature selection included demographics, body mass 
index(BMI), clinical phenotype (axial involvement; 
peripheral arthritis; enthesitis; uveitis; psoriasis; 
inflammatory bowel disease, presence of HLA-B27, 
presence of radiographic disease; chronic widespread 
pain diagnosis; disease activity measures (both baseline 
as well as aggregate scores over disease course) – Bath 
Ankylosing Disease Activity Index(BASDAI); Spinal pain 
Visual Analogue Scores(VAS); Bath Ankylosing 
Spondylitis Functional Index(BASFI); C-Reactive 
Protein(CRP); time to start biologic from diagnosis; 
number of biologics and mode of action28-30. Our 
outcome variable was ‘received multiple biologic 
switches’ defined as those who received ≥ 3 biologics 
(with different modes of action). Given the variability of 
follow-up times in our real-world setting, the aggregate 
scores were averaged (sum of disease activity scores 
collected biannually divided by number of years of 
follow-up) to ensure standardisation. Clustering analysis 
included two additional variables: response to first TNFi 
and first IL17i. This was assigned a numerical code: 1- 
Good, sustained response, 1- Primary non-response, and 
2- secondary non-response. These two variables were 
included in clustering to better understand the trends in 
response to individual biologics in our cohort. They were 
excluded from multivariate logistic regression as missing 
data could not be imputed for.  
 

DATA ANALYSIS 
Two distinct statistical techniques were applied to the 
same dataset: Clustering Analysis and Multivariate 
Logistic Regression. Clustering analysis using the k-means 
algorithm and multi-variate logistic regression was 
performed using MNLogit algorithm (Anaconda 
Distribution 2.7)31. Clustering analysis was chosen 
because it is an unsupervised learning method that does 
not require predefined outcome sets or labels. This 
approach is ideal for exploring the natural structure and 
patterns within the data, allowing us to group similar 
observations based solely on their characteristics.  
 

To answer the question posed by our study, i.e. 
identifying factors associated with multiple biologic 
switches we chose the technique of multivariate logistic 

regression. Our outcome variable is binary categorical – 
received multiple biologic switches/ did not receive 
multiple biologic switches; and multivariate logistic 
regression is specifically designed to model the 
relationship between multiple independent variables and 
a binary outcome. This method allows us to estimate the 
probability of a particular outcome (in this case received 
multiple switches) based on a combination of predictors, 
making it ideal for scenarios where the dependent 
variable is categorical. It is also well suited for handling 
multiple input variables as it reduces redundancy by 
simultaneously considering multiple variables, naturally 
downweighing those that are redundant. It manages 
collinearity through model adjustments, such as 
regularization or variable selection, ensuring that the 
final model is stable, interpretable, and free from the 
distortions caused by codependent variables. 
 

DATA PROCESSING AND ARCHITECTURE FOR 
CLUSTERING ANALYSIS VS. MULTIVARIATE LOGISTIC 
REGRESSION 
The data architecture required for clustering analysis and 
multivariate logistic regression differs significantly due to 
the distinct nature and objectives of these techniques. 
Below is a breakdown of the key differences in our 
dataset depending on the analytic technique being 
applied. 
 

CLUSTERING ANALYSIS: 
Data Preparation: 

• Feature Selection: All of the features outlined 
above were stored in numeric format – some like 
age, CRP, BASDAI, number of therapies were by 
nature numeric; others like radiographic disease, 
HLA-B27 positivity, chronic widespread pain 
were assigned a numeric value (0=absent, 
1=present for binary possibilities);  gradations 
from 0-4  were used for radiographic severity 
assessment in accordance with the New York 
criteria for sacroiliitis grading. 

• Normalization/Standardization: All features 
were scaled to ensure that they contribute 
equally to the distance metrics used in clustering 
(K-means relies on Euclidean distance). 

• Managing Missing Data: Missing values were 
imputed by substituting mean or median for the 
data group. 

 

Processing: K-means algorithm was applied to the data 
set using Anaconda Python 3.7 distribution. This algorithm 
calculates pairwise distance between data points, assigns 
them to a cluster and iteratively repeats this process till 
convergence is achieved. The number of clusters was 
determined using elbow method, for our study this was 3. 
 

Multivariate Logistic Regression:  
Data Preparation: 

• Feature Selection: Our feature set was divided 
into ‘predictor variables’ and ‘outcome variable.’ 
For this study we set the outcome variable as 
those with/ without ‘multiple biologic switches’ - 
defined as requirement of ≥3 different 
biologics/tsDMARDs and/ or targeting ≥ 2 
biologic pathways. 

• Managing Missing Data: Missing values were 
imputed using mean or median. 
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Processing: A model capable of accurately classifying 
patients into the binary outcome category (multiple 
biologic switches or not) using the predictor variables was 
built using the maximum likelihood estimation algorithm in 
Anaconda Python 3.7 package. In this model, the 
relationship of each variable with the outcome variable 
is assessed for significance using p-value (the probability 
computed assuming the null hypothesis is true). A p -value 
≤ 0.05 was considered statistically significant. 
 

Results: 
DEMOGRAPHICS  
Of the 166 patients included in our study, sixty-two met 
the definition for multiple biologic use. There were 117 
men and 49 women. The average age of patients who 
received multiple biologic switches was 46.1 years and 
those who did not was 48.9 years. The average age at 
diagnosis of patients with multiple biologic switches was 
32.7 years and those without was 34.5 years. The mean 
BMI of patients with multiple biologic switches was 28.6 
and those without was 27.8. 
 

CLUSTERING ANALYSIS: 
K-means clustering analysis identified three clusters 
(Figure 1): 

1. Cluster 1 (LDB - Low Disease Burden; Blue 
cluster): Male, high HLA-B27 positivity, lowest 
burden of CWP, lowest baseline and aggregate 
BASDAI and pain VAS scores. This cluster had the 
best response rates to TNFi and IL-17i, and 
therefore did not meet the multiple biologic use 
criteria defined for this study. 

2. Cluster 2 (HDB1 - High Disease Burden with 
Chronic Widespread Pain; Orange cluster): 
Female, highest burden of CWP, high baseline 
and aggregate BASDAI and pain VAS scores, 
lowest radiographic burden. This cluster had the 
highest rate of TNFi and IL-17i failures but 
tended to not meet the criteria for multiple 
biologic switches. 

3. Cluster 3 (HDB2 - High Disease Burden without 
Chronic Widespread Pain; Green cluster): Male, 
high HLA-B27 positivity and radiographic 
burden, similar high baseline and aggregate 
BASDAI and pain VAS scores as HDB1. This 
cluster also had high treatment failure rates and 
has cycled through multiple targeted therapies. 

 
Figure 1: K-means Clustering of 166 axSpA patients. 

 
 
Multivariate analysis: 
Multivariate analysis identified significant factors 
associated with multiple biologic switches (Table1): HLA-
B27 positivity and high aggregate BASDAI scores were 
positively associated with multiple biologic switches; 

receiving targeted therapies later in the disease course 
and presence of chronic widespread pain were 
negatively associated with multiple treatment switches. 
The most significant predictor was the time from diagnosis 
to the start of targeted therapy (p=0.003). 
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Table 1: Patient and disease characteristics according to presence/ absence of multiple biologic switches. 

 Multiple 
biologic 
switches 

Others P-value 

HLA-B27 positivity % 41 (66) 51 (49) 0.038 

Time to start biologic from diagnosis, mean (SD), years 4.7 (6.1) 7.3 (8.1) 0.003 

Uveitis % 12 (19) 27 (26) 0.443 

Psoriasis % 9 (14) 15 (14) 0.757 

Peripheral joint involvement % 18 (29) 34 (33) 0.631 

IBD % 6 (10) 8 (8) 0.617 

Nr-axSpA % 7 (11) 17 (16) 0.098 

Concomitant CWP syndrome diagnosis % 7 (11) 20 (19) 0.015 

Baseline BASDAI, median (IQR) 7 (1.8) 6.7 (2.2) 0.191 

Baseline pain VAS, median (IQR) 7.3 (1) 7.3 (2) 0.412 

Baseline CRP, mg/L, median (IQR) 22.5 (46.5) 22 (28.5) 1.000 

Aggregate BASDAI, median (IQR) 5 (1.8) 3.2 (2.7) 0.011 

Aggregate pain VAS, median (IQR) 5 (2.4) 3.5 (3) 0.165 

Aggregate BASFI, median (IQR) 4.3 (3.6) 3.4 (3.6) 0.098 

 

Discussion: 
In this real-world, retrospective study we analysed clinical 
data of 161 patients to identify factors associated with 
multiple biologic switches. Our results showed that male 
sex, HLA-B27 positivity, higher radiographic burden, 
higher baseline and aggregate BASDAI scores, and early 
biologic requirement were associated with multiple 
biologic switches. Female sex, less HLA-B27 positivity, 
lower baseline and aggregate BASDAI scores, more 
chronic widespread pain, and less radiographic disease 
were negatively associated with high biologic use. 
Clustering analysis uncovered an important subset in our 
patient population. The HDB1 cluster, which had more 
women, more chronic pain, less radiographic disease, and 
less HLA-B27 positivity, did not fulfil the high biologic use 
criteria despite having high aggregate BASDAI and pain 
VAS scores. In contrast, the HDB2 cluster with more men, 
higher HLA-B27 positivity, and more radiographic 
disease did fulfil the high biologic use criteria. The 
aggregate pain and disease activity scores in this cluster 
were like those in HDB1.  
 
Identification of variables that can predict biologic 
response in axSpA is an area of substantial interest32-35. 
At an individual level, it can impact a patient’s day-to-
day symptoms and risk of flares, which in turn affect 
patient’s disease activity and quality of life scores. At a 
broader level, it can direct appropriate resource 
allocation by identifying areas of need. Many studies are 
now opting to use machine learning algorithms because 
of their ability to manage complex data and outperform 
conventional statistical models. We did not find a study 
which specifically looked at multiple biologic use in 
axSpA in our literature review, although there are 
numerous studies assessing predictors for TNFi response 
in axSpA32,34. In one of these studies, a machine learning 
model was developed to predict response to first TNFi 
use in axSpA; and it found that higher disease activity 
scores, higher erythrocyte sedimentation rate (ESR) and 
CRP, and younger age all predict response36. This is 
different from our results, where longer times for biologic 
initiation were associated with better response and fewer 
switches. This contradiction highlights the heterogenous 
nature of real-world clinical data; there could be local 
differences in study population and treatment practices 

which account for this difference and which would be 
impossible to capture in a pseudo-homogenised setting of 
trial datasets. For context, the patients in our study who 
had a later biologic initiation tended to have a milder 
disease with less treatment requirement. 
 
Several studies have shown that female sex is associated 
with decreased responsiveness to TNFi9,10,32,37. A recent 
one found that female sex, delayed treatment initiation, 
and presence of comorbidities were associated with an 
unfavourable response to TNFi9. The researchers went on 
to use AI-based data analytic techniques which 
demonstrated a potential relationship between female 
sex and the age at diagnosis at the beginning of the 
treatment with an unfavourable response to TNFi. 
According to their research, female sex was frequently 
associated with later age at diagnosis, and it was the 
combination of these two factors rather than gender per 
se which was significantly associated with unfavourable 
response rates. Although the evidence was not conclusive, 
it did suggest that delayed diagnosis in women impacts 
their treatment response rates. Other studies, looking into 
sex difference in axSpA, found that women have more 
pain, less radiographic disease, and a higher incidence 
of peripheral arthritis than men10,11,38. An overarching 
theme which emerged from our literature review is that 
axial spondyloarthropathy behaves differently in men 
and women. Additionally, diagnostic delays and delays 
in therapy initiation among women are a common 
occurrence; and all this potentially contributes to the 
reduced responsiveness to TNF inhibition observed in 
women. 
 
The results from our clustering analysis spotlight a similar 
trend; women with high pain, high disease activity 
burden, and less radiographic disease, have poorer 
treatment responses to both TNFi and IL17i. They are also 
more likely to have a concomitant diagnosis of chronic 
widespread pain, and overall lower use of targeted 
therapies compared to men with similar pain and disease 
activity scores. The multivariate logistic regression results 
complimented those of clustering analysis, with HLA-B27 
positivity and high aggregate BASDAI achieving 
significant positive association with multiple biologic 
switches; and chronic widespread pain and time to start 
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biologic from diagnosis achieving significant negative 
association with it. 
 
Although the evidence presented in our study is far from 
conclusive, it does suggest that women with axSpA and 
chronic widespread pain make up an area of unmet need 
that would benefit from more dedicated research to 
better understand their specific disease phenotypes 
rather than extrapolating knowledge from the 
traditional, male-predominant study of axSpA onto them. 
There are well-documented differences in the 
immunologic and genetic factors involved in the axSpA 
disease process affecting men and women39,40. There is 
also hormonal influence on immune system function in 
women, which can further alter disease expression. 
Additionally, there can be differences in healthcare 
provider’s perception of axSpA in men and women, which 
leads to more diagnostic delay and often later initiation 
of biologic treatment in women10. It is possible that these 
differences contribute to the poorer treatment responses 
experienced by women.  
 
It is also important to recognise the role holistic patient 
management can play in bridging healthcare gaps such 
as the one identified by our study. Exercise, for instance, 
has been found to modulate the inflammatory cytokine 
profile in axSpA and is now recognised as a potential 
disease modifier41. An area of future research would be 
to study holistic axSpA management; incorporating 
exercise, physiotherapy, and pain management in 
addition to pharmaceutical disease modifying therapy, in 
specific patient groups to see if they can help meet the 
disease control goals not fully realised with biologic 
therapy. 
 
An intriguing finding of our study was the association of 
HLA-B27 positivity with multiple biologic switches. 
Previous studies have found HLA-B27 positivity to be 
associated with good response to TNFi which, one would 
presume, lead to fewer need for switches33,34. Our results 
suggest that HLA-B27 positive patients may be more 
likely to be considered to have active disease and are 
therefore offered more biologic switches. 
 

The strengths of our study include the use of real-world 
clinical data which is essential for gaining a broader 
perspective of the disease process. Additionally, we used 
clustering analysis, a machine learning algorithm which is 
well suited to delineating the natural, hidden structure of 
a dataset. It outlines trends which exist, bringing them into 
sharper focus and mitigates the bias which comes with the 
use of predefined outcome variables. 

 
The limitations are the smaller patient population, and 
that data were collected from a single centre. Therefore, 
it may not be representative of the full spectrum of 
disease and clinical behaviour at a broader level. There 
was considerable heterogeneity in terms of disease 
duration of our cohort which can influence the results, 
although we endeavoured to standardise all the 
information to mitigate this effect. There is also potential 
for bias of individual clinicians to influence our results. 
 

Conclusion 
In conclusion, our study highlights the complexity of 
axSpA as a disease process, especially in context of 
biologic treatment responses. The use of both clustering 
analysis and multivariate logistic regression generated 
different, though complimentary insights, spotlighting the 
importance of using novel statistical approaches to 
broaden the scope of knowledge a dataset has to offer. 
In this study, the integration of these analytic techniques 
not only helped identify factors associated with multiple 
biologic switches but also uncovered distinct patient 
subsets in our cohort who stand to benefit from a more 
tailored therapeutic approach. Of note were the 
differences in treatment responsiveness observed 
between men and women, a trend corroborated by other 
studies. There is sufficient evidence to suggest that the 
evolution of axSpA as a disease in women is innately 
different when compared with men, this is further 
complicated by the lack of evidence-based knowledge 
about the disease process and its management in women. 
A key takeaway from our analysis is how data bias 
disproportionately affects certain patient populations. 
Women with concomitant chronic widespread pain 
diagnosis are not well represented in randomised 
controlled trials; and our study demonstrates how this 
translates into a significant lack of evidence-based 
treatment options for this group. This subgroup is 
burdened with higher disease activity scores and have 
fewer treatment options offered to them. While our 
findings are limited by the study’s retrospective design 
and single-centre data, they provide valuable insights 
that warrant further investigation. Future research should 
focus on understanding the specific disease phenotypes 
in women with axSpA, or those with chronic widespread 
pain, exploring the underlying mechanisms driving the 
observed differences in treatment outcomes, with the 
goal of improving personalized care in this patient 
population. 
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