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Chapter 7

General discussion

The studies presented in this thesis intend to provide comprehensive insight into
possibilities to predict persistent somatic symptoms (PSS) and how to reuse routine
primary care data extracted from electronic medical records (EMR) for this purpose. The
included studies are aimed at supporting and promoting early identification of patients
with PSS and facilitate early intervention. Based on the findings presented in this thesis it
is possible to identify patients with PSS with moderate to high accuracy at least two years
prior to diagnosis. Moreover, the compiled studies provide direction for more precise
data-based prediction. In the current chapter, the study findings are outlined and
discussed in relation to each other. First, the main findings of the studies in this thesis
will be listed, to form an overview of key messages. Thereafter, the main issues regarding

early identification of PSS based on routine primary care data are discussed.

Main findings

1. Predictors of PSS onset are multifold and cannot be reduced to a single domain of the
dynamic biopsychosocial model (chapter 2). Exploring complaints from different
domains is therefore paramount to improve care for patients with PSS.

2. The majority of general practitioners (GPs) reports to require additional tools or
other support for classification of PSS and consultation with patients at risk of PSS
(chapter 3).

3. GPs use a wide range of methods for registration of PSS in their electronic medical
records (EMRs; self-reported results from chapter 3 are supported by observation in
chapter 4). These registration methods can differ greatly between GPs.

4. Identifying patients within the broad spectrum of PSS in routine primary care data
(chapter 4) is possible by using a combination of methods (including clinical codes of
PSS-syndromes, episode descriptions, and recorded outcomes of screening tools).

5. Mental health-related registrations in routine primary care data, such as
psychological ICPC-codes, referrals to mental health care, and psychopharmacological
prescriptions, can be adequately re-used to predict diagnosis of common PSS

syndromes (IBS, FM, and CFS) (chapter 5).
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6. There are both overarching and distinct mental health registrations for PSS
syndromes (IBS, CFS, and FM) in routine primary care data (chapter 5).

7. Patients with medium to high risk of PSS can be identified in routine primary care
data two to seven years prior to diagnosis (chapter 6). Highly accurate recognition of
risk of PSS appears to be impeded by general registration irregularities and missing
data.

8. Theory- and data-driven methods show similar performance in the ability to predict
PSS diagnosis based on extracted and anonymized routine primary care data (chapter
6). Benefits of using more complex, time-consuming methods may therefore be

limited.

Selecting patients with PSS in routine primary care data

The primary challenge towards predictive modeling of PSS based on routine care data is
the lack of a gold standard method of classifying PSS. As demonstrated in chapter 3, GPs
reportedly use a variety of methods to register PSS and an unambiguous clinical code for
PSS is not available. This does not only limit the reusability of routine primary care data
for PSS research purposes but is also problematic for many GPs in daily clinical practice.
Moreover, besides the problematic lack of a clinical code, GPs report to have difficulties
in classifying and identifying PSS, which is further corroborated by other studies > and
studies showing a significant diagnostic delay in PSS-syndromes.*® Consequently, it
would be undesirable to solely rely on GPs or the clinical codes they use for selecting
patients with PSS in the routine care data. Previous EMR studies used a variety of
approaches to select patients with PSS, including inquiring GPs about specific patients
and a combination of clinical (symptom) codes with exclusion of comorbid mental or
medical conditions.”!! Since research shows that patients with PSS often have comorbid
conditions 23 (see also, chapter 4) the latter is undesirable. Based on this knowledge
the studies in chapter 3 and chapter 4 were directed at developing a data-based

classifier for PSS.

In chapter 3 registration behavior was gathered via a survey that included ecologically
valid methods of inquiry. Based on the findings, the most viable methods were selected

and effectiveness was explored in chapter 4. This resulted in a combination of methods
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that identifies a group of patients that approaches the prevalence rate of PSS in the
general population. The identification consists of clinical coding of PSS-syndromes,
unstructured episode descriptions of PSS, and recorded outcomes of screening
questionnaires. Results show that the use of a combination of these methods is crucial,
since GPs vary in their approach towards registration of complaints and disorders. In all,
because the use of additional screening questionnaires or the exclusion of comorbid
chronic medical and mental conditions are not required, a data-based classifier of PSS
can facilitate the use of large routine primary care databases for research on the broad
spectrum of PSS. Still, this approach towards identification of PSS in routine care data is
cumbersome and reusability of EMR data can be facilitated by incorporating a single
general code for PSS in classification systems such as the ICPC or ICD. Such a code could
also benefit GPs, since they report that the lack of a single unambiguous code is
problematic for them (chapter 3). However, such a code should be accompanied with
adequate universally accepted guidelines and definitions, which has been proven to be a

large challenge in the international field of PSS.*

The challenge of creating a multidomain risk profile using routine primary care data
In chapter 2, an extensive review of cohort studies is presented mapping multidomain
predictors of PSS. This was executed in order to evaluate which data in primary care
EMRs would be relevant to include in our predictive model. This review shows that
although risk factors from the biomedical domain are currently dominant in the
literature, factors from all domains of the dynamic biopsychosocial model (i.e., biological,
psychological, interpersonal, contextual, and health behavior) have shown to be
significant predictors of PSS-onset. Still, investigations of routine care data showed a
predominance of biomedical registrations and predictors, which impedes the creation of
a fully multidomain risk profile using currently available routine primary care data. This is
especially evident in the prediction model presented in chapter 6 in which all available
primary care data was utilized (i.e., the full model) and PSS was predicted at least two
years prior to diagnosis. Based on LASSO regression (a machine learning technique that is
able to handle large amounts of data and incorporates predictor reduction), the EMR-

based predictors mainly consist of biomedical variables, with limited representation of
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psychosocial factors. However, in contrast, the prediction models presented in chapter 5
based on the same data and similar analysis shows that PSS syndrome (i.e., IBS, CFS, and
FM) diagnosis can be predicted with high accuracy based on mental health-related
registrations. In contrast to chapter 6, this study only investigated mental health-related
registrations and candidate predictors were constructed based on registration directly
prior to PSS diagnosis. Based on these findings it is hypothesized that psychosocial
problems are under registered and/or recognized by GPs, unless the patient presents
with persistent problems. This may also be related to findings from other studies that
indicate that patients may not readily visit their GP with mental health problems (for
instance because of cultural reasons).*>1° Thus, arguably, in routine primary care data
registrations of psychosocial problems that are present prior to (severe or recurring)
somatic symptom onset could be missing in the data. Consequently, the somewhat
limited performance of the models in chapter 6 could be related to high levels of missing
data in the psychological and social domains or limited consultations prior to PSS

diagnosis.

Further considerations for a data-based early classification of PSS

Although lacking registrations of mental health and psychosocial problems seems a
plausible explanation for the differences in performance of the models presented in
chapter 5 and chapter 6, there are some other explanations that should be considered.
First, the use of a 2-year prediction gap in chapter 6, compared to no prediction gap in
chapter 5 (i.e., gathering candidate predictors directly before PSS index date) is likely to
affect the results. EMRs may contain limited relevant data, because data is dependent of
patients visiting the GP and GP’s registration behavior. On the other hand, since PSS is
often accompanied by an accumulation of recurring complaints, the repeated out-patient
visits or number of symptoms should be indicative of emerging PSS. In chapter 6, where
LASSO regression indicated that consultation frequency may be explained by other
variables, valuable evidence is given to explain the relationship between consultation
frequency and PSS, as indicated by a large body of research. That is, factors such as
repeated imaging referrals, and multiple pain sites and symptoms, are predictors that

may explain increased consultation frequency. This sheds light on the importance of
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correctly interpreting some of these behavior- or context-related predictors (such as,
HCU and unemployment). Thus, while these are also found in the large body of literature
on predictors of PSS (chapter 2), it should be noted that these predictors are rather a
consequence of the accumulated disease burden than an actual predictor leading to PSS.
Specification of predictors that may lead to undesirable contextual or behavioral
aberration may be especially useful to distinguish PSS from other disorders that are
accompanied by high consultation frequency. Thus, focusing primarily on consultation
frequency may limit specificity of PSS prediction and identifying related latent factors
may be necessary to increase predictive accuracy. Second, the broader definition of PSS
in chapter 6 (investigating the broad spectrum of PSS) compared to chapter 5 (having
unique PSS-syndrome classifications as outcomes) may affect predictive accuracy,
because of increasing heterogeneity between patients. For instance, patients with IBS
and FM display distinct somatic symptom presentations (bowel problems and
widespread musculoskeletal pain, respectively). Furthermore, research indicates that the
duration of diagnostic delays may be different between PSS subtypes.*® This is further
corroborated by findings from chapter 3, where GPs report more competency and
willingness to diagnose IBS compared to CFS and FM (for which they are more likely to
refer to specialist care). Different durations in diagnostic delay may also affect
heterogeneity between patients with PSS. Chapter 5 corroborates this finding by
identifying a difference in predictive accuracy between the three prediction models for
IBS, FM, and CFS, and some discrepancies in predictors (although the latter is mainly the
case for CFS). Since diagnostic delays can cause a large number of problems, including
inducing psychological problems 2° and complicating the physician-patient

relationship,*®?%22 it is likely this also affects EMR registrations.

Promoting integrative care for patients with PSS

The limited registration of factors beyond the biomedical domain appears to have a
twofold effect on PSS classification, both affecting physician-based classification and data
driven classification. While research clearly indicates that the origin of PSS is
multidomain in nature (chapter 2), the predictors derived from the early prediction

model in chapter 6 indicate that GPs do not make use of an integrative understanding of
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the patients’ problems (i.e., relating combined biological, behavioral, psychological,
interpersonal, and contextual factors to the health of the patient). On the other hand,
the lack of information also limits the performance of the early prediction model.
Although, based on these findings, it could be argued that routine primary care data is
not suitable for predictive modeling of PSS, the moderate accuracy of the model may
have potential to break the cycle of under-recognition by physician and algorithm.
Especially because overloaded work hours and prioritization of potential life-threatening
diseases, limits the options of GPs to inquire about psychosocial factors —irrespective of
having the appropriate training or not. Therefore, a simple data-based clinical decision
rule may have the potential to sift or identify patients that require and may benefit from
an integrative approach. This is in line, with the current trend towards proactive
population health management: identify patients at risk for adverse health events like
ineffective and counterproductive specialist referrals and expose them to less invasive
interventions.?>?* The implementation of a clinical decision rule into EMR software,
flagging patients with increased risk of developing PSS, would enable (earlier) referral to
interdisciplinary health care resources for further assessment. For GPs, earlier referral
could reduce time investment and refocusing on the exclusion of possible life-

threatening pathophysiology.

The contributions of machine learning techniques

In this thesis, a variety of statistical methods were used, including machine learning
techniques (chapter 6). Previous research has shown that temporal pattern mining and
relative grounding of lab results of structured data could be effectively employed to
improve model performance and reconfirm and identify new predictors.?>?% Therefore,
to increase the likelihood of finding predictors that were thus far unidentified, both
techniques were employed. Although the machine learning techniques did not improve
the performance of the model, it did identify some known (i.e., referral to radiology) and
novel plausible predictors (i.e., stable lab results for lymphocytes, thyroid, and systolic
blood pressure), which validates the effectivity of the methods. Finally, the predictions
were modeled using logistic LASSO regression as a form of supervised machine learning.

While studies show that LASSO logistic regression generally performs well for predictive
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modeling,?%?” recent studies show that more advanced machine learning techniques may
result in better performing models.?® However, compared to more advanced machine
learning algorithms in which logical explanations of models are often lost due to the
black box phenomenon (i.e., lack of interpretability), regression is generally seen as more
comprehensible. Although research has been directed at improving the interpretability of
more advance machine learning techniques,(see for example %°) regression is generally

deemed more suitable for the use in clinical populations.3%-34

Methodological considerations

The results and the implications of this thesis should be viewed in the light of several
strengths and limitations. With the use of routine primary care data come both great
opportunities and challenges. In recent years the increased quality of routine primary
care data (i.e., both registration quality and technical advances) has provided many
opportunities for scientific research. The data is generally low-cost and provides
relatively easy access to rich, ecologically valid, longitudinal data from large
populations.3®> On the other hand, registration of (especially) non-biomedical health
information may be inconsistent (chapter 3-6) and depends highly on the patient’s
decision to visit the GP with a particular problem and the GP’s or practice personnel’s
registration behavior. One of the major challenges of reusing routine care data is the
methodological handling of missing data.?*3® While data collected in a standardized way
is generally missing at random and imputation techniques may be safely used,
imputation for routine care data is less straightforward. In routine care data, it is
common practice to assume that “missing data” means a factor is not present.37:3°
However, this is disputed by findings from chapter 3-6, that imply that especially data
beyond the biomedical domain is likely to be sparsely recorded. Due to these

considerations, imputation was not used for the reported studies.

A major strength of this thesis is the extensive research towards the aim of early
identification of patients with PSS based on routine primary care data. The steps taken in
this process highlights several factors that should be considered for future studies. First,
chapter 5 shows that there may be differences in predictors for PSS-subtypes and that

the performance of all models in chapter 6 (which includes a broad spectrum of PSS) is
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markedly lower than the models in chapter 5. This could indicate that subtype-specific
differences in predictors or registrations may impact the performance of the models.
Second, although the survey in GPs (chapter 3) provided elaborate insight into
registration behavior of Dutch GPs regarding PSS as an outcome, the survey lacked
information on other outcomes (e.g., the registration of possible psychosocial predictors)
that may be relevant to PSS. It should however be noted that, the results of the survey
may be quite generalizable, even to countries using other classification systems, such as
the ICD-11. This is indicated by studies that show that German GPs, who operate an ICD
coded system, also have difficulties in registration and classification of PSS.%34° Finally, in
hindsight, preliminary investigations should also have included investigations of
differences in diagnostic delays between PSS-subtypes. The current literature does not
contain information on syndrome specific diagnostic delays in primary care, which would

be needed to evaluate how this may affect looking at the broad spectrum of PSS.

In all, the investigations in this thesis increased the validity of the defined candidate
predictors and the outcome employed for the final modeling (chapter 6). Even so, due to
the nature of the data, misclassification is inevitable and a major limitation to this
research. Firstly, the outcome was not externally validated, and the prevalence rate was
somewhat lower than prevalence in the general population. Second, candidate
predictors in all models were compiled based on data with high levels of (nonrandom)
missings. Although the applied design aimed to control for registration irregularities by
compiling candidate predictors based on a variety of sources (such as ICPC, ATC,
referrals, and lab results), success was limited for the desired early prediction model.
Nonetheless, these results do reflect best the current clinical practice, since the data
available is the data available to the GP, which increases the generalizability of the

results.

Clinical and societal implications

As described above, the implication of the clinical decision rule that can be derived from
chapter 6 has the potential to promote proactive population health management.
Patients at risk for adverse health events (e.g., ineffective and counterproductive

specialist referrals) are identified and exposed to less invasive investigations and
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interventions). As such, the clinical decision rule indicates which patients require and
would potentially benefit from an integrative care approach. Due to the multidomain
origin of PSS, the implementation of an integrative approach is expected to result in early
identification of PSS. Furthermore, the implementation of an integrative approach for
the at-risk population could potentially impact the way physicians perceive PSS, improve
consultations, and improve understanding between physician and patient. Studies have
shown that an integrated approach to health has many benefits for patients, physicians,
and society, for instance by increasing perceived quality of care and increasing survival
rates in cancer.*43

Chapter 3 shows that many GPs report a need for more support in the diagnosis and
classification of PSS. This indicates that GP training should be improved with more
attention to consultations and classifications related to PSS. Improvements in GP training
should for instance include training in communication skills that facilitate a broader
integrative inquiry of problems.?1224445 Additionally, since PSS have a problematic
history of being burdensome to clinical care, reframing of PSS is desirable. Johansen et
al., 2017 makes a strong case for reframing using experience-based knowledge from

senior GPs and integrate models from different disciplines.?

Chapter 3-6 show a reported and observed lack of an unambiguous coding scheme for
PSS. The simplest example to this ambiguity is the lack of a singular accepted clinical
code for PSS. To optimize the utility of EMR data for clinical practice and research, PSS
requires more globally accepted uniform coding schemes (that will increase interrater
reliability). While a simple way towards the development of such a scheme has proven
difficult in the past, the collaboration between groups of experts such as EURONET-

SOMA, ICPC and ICD workgroups may be necessary.

In chapter 5 (i.e., prediction of the three common PSS syndromes IBS, FM, and CFS,
shortly prior to diagnosis) the algorithm’s performance is sufficient for clinical
implementation. Implementation of the algorithm in the GP’s EMR software could
support the GP in more prompt classification and treatment. Especially for FM, which has

marked long diagnostic delays,* implementation could impact patients greatly, possibly
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leading to more proactive intervention and consequential lessening of the disease

burden.

In sum, the implementation of integrated care, an unambiguous coding scheme, and
support for GPs (including but not limited to a clinical decision rule) is needed to improve

care for patients with PSS and decrease the burden of PSS on the health care system.

Future directions for data-based early recognition of PSS in primary care

The findings of this thesis provide a road map towards early identification of patients
with PSS in primary care using data from EMRs. While the findings are promising, at
present concise data-based identification of PSS diagnoses is limited. To improve
predictive modeling for PSS with the current state of data, some promising approaches
remain. Firstly, optimal utilization of unstructured (i.e., free text) data could possibly
improve existing models. For the present study there was only limited accessibility and
since GPs may be more prone to unstructured registration of factors beyond the medical
domain (chapter 3). Natural language processing may assist in changing such data in
quantifiable factors.*® Second, although previous efforts showed limited success,*’
advances in the field of semantic enrichment (i.e., targeting irregularities in
registrations), may improve future models. Finally, since different PSS syndromes have
unique lengths of diagnostic delay, using different timelines for candidate predictor
selection may enhance heterogeneity of predictor data. Future research could also
employ simple data-based methods to identify patients at medium to high risk of PSS and
test whether this, in combination with widely available screening questionnaires (i.e.,
4DSQ, SSD-12, PHQ-15) can support the GP in early recognition of high PSS risk. Such a
wide classification could be beneficial for the current trend towards more preventative
health care and proactive population health management,*®4° since measurable and
controllable problems may be especially prevalent in patients with an elevated risk of
PSS. Ultimately, the goal would be to improve the GPs understanding of the patient from
different perspectives — even beyond the better known two-track policy (i.e., exploring
both physical and mental health problems), rather towards a multi-track policy of
integrated care (i.e., exploring problems from a biopsychosocial perspective and

beyond). Thus, based on a simple algorithm implemented in the GP’s EMR, the GP would
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have a clearer direction for what patients the integrated approach may be most
important. As a results, this may alleviate both the burden on the patient as well as

increasing long-term time efficiency for primary care.

In conclusion

Patients with somatic symptoms generally visit their GP to find a cause and treatment for
their symptoms. Most GPs consider identifying a biomedical cause, an appropriate
treatment, and if needed adequate referral of patients to secondary health care as their
primary job. However, some somatic symptoms may be caused by a complex interplay
between multidomain factors through which it is not possible to find a single biomedical
cause for symptoms. Problems arise when symptoms persist or are aggravated without a
well understood biomedical cause in line with the presentation (i.e., in the case of PSS).
Besides obvious burden of disease on patient and health care costs related to repeated
consultations and testing, this also puts a strain on GPs who reportedly do not have
adequate training and tools to specifically identify patients with PSS early. Identifying
early on whose somatic symptoms may not be explainable by a biomedical pathology but
by problems from multiple biopsychosocial domains is key to improve care for patients
with PSS. These patients may benefit from an integrated treatment approach (i.e.,
targeting a combination of biological, psychological, social, interpersonal, and contextual
factors that influence the patients’ health), also if they have identifiable comorbidity.
This thesis shows that relatively simple data-based algorithms may help to identify
patients at risk of PSS at an earlier stage. This suggests that a data-based clinical decision
algorithm can provide support for GPs in early identification of PSS. With early
identification, GPs can possibly direct patients at risk of PSS on track for an integrated
treatment approach that may reduce the disease burden of both patient and the health

care system.
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