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Abstract

Introduction: Clinical practice guidelines (hereafter ‘guidelines’) are crucial in providing
evidence-based recommendations for physicians and multidisciplinary teams to make
informed decisions regarding diagnostics and treatment in various diseases, including
cancer. While guideline implementation has been shown to reduce (unwanted) variabil-
ity and improve outcome of care, monitoring of adherence to guidelines remains chal-
lenging. Real-world data collected from cancer registries can provide a continuous
source for monitoring adherence levels. In this work, we describe a novel structured
approach to guideline evaluation using real-world data that enables continuous moni-
toring. This method was applied to endometrial cancer patients in the Netherlands and
implemented through a prototype web-based dashboard that enables interactive usage
and supports various analyses.

Method: The guideline under study was parsed into clinical decision trees (CDTs) and
an information standard was drawn up. A dataset from the Netherlands Cancer
Registry (NCR) was used and data items from both instruments were mapped. By
comparing guideline recommendations with real-world data an adherence classifica-
tion was determined. The developed prototype can be used to identify and prioritize
potential topics for guideline updates.

Results: CDTs revealed 68 data items for recording in an information standard.
Thirty-two data items from the NCR were mapped onto information standard data
items. Four CDTs could sufficiently be populated with NCR data.

Conclusion: The developed methodology can evaluate a guideline to identify poten-
tial improvements in recommendations and the success of the implementation strat-
egy. In addition, it is able to identify patient and disease characteristics that influence
decision-making in clinical practice. The method supports a cyclical process of devel-
oping, implementing and evaluating guidelines and can be scaled to other diseases
and settings. It contributes to a learning healthcare cycle that integrates real-world

data with external knowledge.
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1 | INTRODUCTION

Clinical practice guidelines (hereafter ‘guidelines’) play an essential
role in summarizing evidence into recommendations for application in
clinical practice.* They support physicians and multidisciplinary teams
in making substantiated decisions for diagnostics, treatment, and
follow-up along the entire care pathway.?? In recent decades, such
guidelines have been refined and made available for a wide variety of
conditions and diseases, including cancer. It is now well established
that guideline implementation reduces unwanted variability in clinical
practice and contributes to better outcome of care.* However, imple-
mentation of guidelines in daily routine is demanding and hampered
by many well-studied barriers at the level of the treating physician
(eg, lack of familiarity and awareness), the guideline (eg, poor lay-out,
poor access, low level of evidence, and lack of applicability) and
external factors (eg, lack of resources and social norms).> Moreover,
difficulties in adherence measurements is challenging for several
reasons, including the availability of data and the difficulty in inter-
preting the results of adherence measures.®”

The research community seeks to produce high quality evidence
synthesis for better health care decision-making, proposing an evidence
ecosystem.® Extensive research has been conducted into measuring
guideline adherence in relation to various diseases, with many studies
focusing on cancer.”*3 However, almost without exception, these stud-
ies have been one-off investigations that have used time and (health-
care) setting specific performance measurements or indicators. These
studies have generated important insights, yet their methods cannot be
applied on a continuous scale. Therefore, there remains a lack of knowl-
edge about the time it takes to implement recommendations into clini-
cal practice and the optimal level or range of adherence for different
(types of) recommendations and patient (sub)populations.

One way of continuously monitoring guideline adherence levels is
through real-world data (RWD).}*'> RWD comprise patient data
generated during routine care in daily practice and is stored in various
digital sources.*® In many regions and countries, data are collected
from these sources for cancer registries, which aim to provide insight
in the characteristics and magnitude of cancer.?” The completeness of
many cancer registries is estimated to be high, representing the vast
majority of cancer patients in real-life.

When guidelines are developed such that decision points are
computer-interpretable and align with RWD registries, continuous
evaluation of the guideline is theoretically possible. Over the years,
several methods for computer interpretable guidelines have been
developed.1??! However, typically, guidelines are still not designed
in a computer interpretable format and are usually presented in
unstructured free text. Recently, a new methodology was devel-
oped to translate guidelines into clinical decision trees (CDTs) to

tackle this problem,?? with the CDTs being human readable while

allowing for computer assisted evaluation of the underlying
algorithm.

In the current study we expand on this development by introduc-
ing a novel methodology for continuous guideline adherence mea-
surements using RWD. We applied the methodology first to the
Dutch multidisciplinary endometrial cancer guideline using data from
the Dutch cancer registry. The developed methodology was imple-
mented in a prototype of a web-based dashboard, which enables an
interactive usage and supports a variety of analyses.

We successfully demonstrated continuous monitoring of guideline
adherence is possible using this novel methodology. This creates a closed
loop in guideline development, implementation, and evaluation and
healthcare delivery, making it a valuable part of the evidence ecosystem.®

2 | METHOD

Continuously comparing guideline recommendations and RWD
requires the data items from both instruments to be aligned according
to predefined steps (Figure 1). Evidently, both must cover a popula-
tion with an identical condition or disease and ideally incidence dates
from RWD cases and the prevailing period of the guideline overlap.
To develop our methodology, we used the Dutch guideline for
endometrial cancer and real-world data from the Netherlands Cancer
Registry (NCR). This project was carried out in the context of the
Alertness project and funded by ZonMw.?® [Correction added on
19 September 2023, after first online publication: In the preceding

sentence, funder ‘ZonMw’ was added in this version.]

2.1 | Guidelines

Guidelines are ideally developed using the PICO-methodology?* and
GRADE-system,?® leading to evidence based recommendations for
specific populations. Figure 2 brings these components together,
including their interrelationships. These relations are denoted by car-
dinality, which represents the number of entities that can exist on
each side of a relationship. In order to align the guideline and the
RWD registry, the endometrial cancer guideline was parsed into
machine readable CDTs. The corresponding method has been
described by Hendriks et al.2? In short, CDTs are composed of the fol-
lowing primitives: nodes (data items representing patient and disease
characteristics), branches (representing the possible values of the data
items) and leaves (representing one or multiple guideline recommen-
dations) (Figure 3). Generally, guidelines include multiple subsequent
decision moments during the care continuum and thus generate multi-
ple CDTs. The CDTs are connected head-to-tail and consequently
form a care pathway.
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Architectural Representation of Instruments and Actions Required for Continuous Guideline Adherence Measurements
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FIGURE 1 A textual guideline® is parsed into a computer interpretable format.? All patient and disease characteristics, and interventions are
recorded in an Information Standard.® A Real-world dataset” is then the mapped (A) onto the Information standard. Subsequently, analyses
(B) regarding guideline adherence can be performed.

Clinical Practice Guideline Recommendation Model
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FIGURE 2 The clinical practice guideline recommendation model. In the development of guideline recommendations for a specific population,
at a specific point in the care pathway, the aim is always to achieve optimal care outcomes. Interventions are assessed for appropriateness based
on the evidence-based medicine method components. A recommendation is then created by providing the right context for each intervention.
Cardinality (eg, O ... X) represents the number of entities that can exist on each side of a relation.

An information standard is also drawn up iteratively while the principles?® and be encoded using international terminologies
CDTs are developed. In an information standard, all data items (eg, SNOMED CT??) where possible. Consequently, an information

should be provided with metadata according to the FAIR-data standard facilitates mapping of data items between the guideline
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Hypothetical Clinical Decision Tree
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FIGURE 3 Part of a hypothetical clinical decision tree for endometrial cancer. This tree applies to patients after surgery for which, depending
on the patient and disease characteristics, a variant of adjuvant treatment can be recommended. The green highlighted path concerns the
population: serous carcinoma, residual disease after surgery, FIGO stage IA, and an invasive tumor. Based on these characteristics, the

appropriate recommendation is identified by the tree.

and other datasets, even when future data items or datasets are
added to the comparison.

2.2 | Real-world data

A valid and reliable dataset should be used to carry out a high-quality
evaluation of guideline use, since the quality of these data determines
the relevance and usability of the results of the adherence evaluation.
Cancer registries are a reliable and comprehensive method system for
gathering information about cancer patients. We used the NCR as a
source for real-world data (RWD) that most closely overlaps with the
population to which the guideline is applied. The NCR is a nationwide
registration that has been providing statistics on cancer in the
Netherlands since 1989.%8 It includes data on diagnosis, incidence,
tumor site (topography), morphology (histology), tumor staging, treat-
ment, and survival. Within the registry, datasets are compiled per
tumor type in close consultation with clinicians and other stake-
holders. Data are collected for the NCR by specially trained data man-
agers on an ongoing basis, which allows for continuous comparisons
with the guideline recommendations. In our project, we initially
retrieved a dataset from the NCR as defined by the guideline based
on age and morphology (> = 18 years old and pure endometrioid

adenocarcinoma, serous carcinoma, and clear cell carcinoma) with an
incidence date from 2010 through 2020 (nh = 21 602), which has been
continuously updated during the project with the most recent avail-
able complete cases (incidence years 2021, 2022, etc.) in the NCR.

2.3 | Mapping

2.3.1 | General mapping issues

A challenge in mapping data from different sources, like an informa-
tion standard and real-world data, are potential differences in the
‘level of detail’ in which an intervention is described. Interventions
can be described in a more generic or in a more specific manner. For
example, ‘chemotherapy’ is more generic than ‘Cisplatin’, and ‘drug
therapy’ is more generic than ‘chemotherapy’ or ‘targeted therapy’.
Similarly, interventions can be described with additional information,
like the treatment schedule and dose, which can be added to the
‘Cisplatin’ intervention. For each specific adherence measurement,
agreements must be made on how to deal with this phenomenon to
ensure that the results are interpreted correctly. When the guideline
provided insufficient clarity in the level of detail, we relied on clinical

knowledge from the guideline-working group. Moreover, the
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Contingency Table for Recommendations Context

Do Do not
- Concides Consider
not to

FIGURE 4 Contingency table to address the mandatory context
of interventions, which together form a recommendation. Based on
this table, 2 x 2 types of context can be defined.

intentions of interventions (eg, palliative chemotherapy) often implic-
itly refer to a limited number of treatment options that are well
known to the experts in the relevant field, but not necessarily
made explicit in the guideline. The intention itself is not measurable,
but again we relied on the guideline working group's clinical knowl-
edge on intend and relevant treatment options to make informed
mapping decisions.

Another general mapping issue is related to successive phases in
the care pathway. Each medical decision requires specific information
relevant for a specific patient population for that specific moment in
the care process. Some of this information may be unique to that
moment. Some information may be relevant at later stages and will
not be updated. Critically, some information may be relevant at later
stages and might be updated with new observations in the course of
the care pathway. In this instance, for guideline evaluation, it is essen-
tial to use the information drawn from the clinical context the recom-
mendation is relevant in. For example, a ‘tumor grade’ can be
determined on a biopsy during the diagnostic phase but also on an
excision specimen from surgery during the therapeutic phase. This
context sensitivity requires accuracy during mapping. The correct vari-
ant of ‘tumor grade’ must be used in the mapping and aligned with
the step in the care pathway.

2.3.2 | Guideline specific mapping issues

A guideline has a specific period over which it is prevailing and all
cases from the RWD must have their incidence date in the same
period to accurately evaluate adherence. As long as a guideline
(version) is prevailing, it will be used as a reference for measuring
high-quality care. In our analysis we used the 2011 version of the

Dutch endometrial cancer guideline.
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2.3.3 | Guideline recommendations specific
mapping issues

Guideline recommendations are more than simply proposed interven-
tions. They contain one or more interventions, supplemented with
context, namely ‘direction’, ‘strength’, and ‘other considerations’. The
first two types of context are mandatory; a direction of action indi-
cates whether or not to execute a specific recommendation, and the
strength indicates how much underlying evidence supports the inter-
vention for this population (Figure 4). The third type of context, ‘other
considerations’, is conditional and may include a wide range of addi-
tional information. Consequently, guideline recommendations can be

expressed as shown in Equation (1):

R=X(1+D+S5)+C (1)

R, Recommendation, |, Intervention, D, Direction, S, Strength, C,
‘Other considerations’.

Equation (1) is the comparison of a guideline recommendations,
composed as a formula.

A number of recommendation specific phenomena have to be
taken into account in particular during the mapping process. These
concern ‘weak recommendations’, ‘other considerations’, and ‘tem-
poral context’. This subsection describes how we dealt with these
phenomena in guideline adherence measurements.

‘Weak recommendations’ state that an intervention can be
considered. If an intervention is considered but not performed, then
it is likely that, besides the obvious absence of the intervention,
also the ‘consideration’ is not available in the RWD. To classify
weak recommendations on adherence, multidisciplinary team
(MDT) discussions are used as a proxy. Discussions in MDT meet-
ings are available in the NCR. MDTs are a common instrument to
support decision making in oncology, and often base their advice
on guidelines.??2° In the analyses for adherence classification, it is
therefore assumed for all patients that are discussed by a MDT, at
least the weak recommendations from the guideline are by defini-
tion being discussed. Consequently, if a ‘weak recommendation’
applies to a case and this patient is discussed in a MDT it is classi-
fied as ‘adherent’ (Table 1).

‘Other considerations’ is an optional recommendation context
provided along with an intervention. There are several acknowledged
and often used types of ‘other considerations’: clinical relevance,
safety, patient perspective, professional perspective, cost effectivity,
organization perspective, and societal perspective. In the development
of guideline recommendations, the ‘other considerations’ can influ-
ence how the recommendations are formulated, they can strengthen
or weaken the recommendation, and theoretically even change the
direction of the recommendation. ‘Other considerations’ can be so
diverse that they are unlikely to be consistently available a RWD.
How to deal with ‘other considerations’ in adherence measurements
must therefore be determined per recommendation.

‘Temporal context’ can occur within a recommendation in two

ways. First within a single recommendation (eg, surgery followed by
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TABLE 1  Adherence classification for all five types of recommendations, applied to hypothetical examples of guideline recommendations and
real-world data interventions.

Guideline recommendation Dataset value (s) (eg, NCR) Adherence classification®

Strong, singular intervention recommendation

Hysterectomy Hysterectomy (only) Adherent
Bilateral salpingo-oophorectomy (only) Non-adherent
Hysterectomy AND Lymph node dissection Other?
‘Other’ Non-adherent
‘No intervention’ Non-adherent

Hysterectomy Hysterectomy (only) Adherent

OR Bilateral salpingo-oophorectomy (only) Adherent

Bilateral salpingo-oophorectomy J
Hysterectomy AND Lymph node dissection Other’
‘Other’ Non-adherent
‘No intervention’ Non-adherent

Weak, singular intervention recommendation

Consider hysterectomy Hysterectomy (only) Adherent
Bilateral salpingo-oophorectomy (only) Non-adherent
Hysterectomy AND Lymph node dissection Other?
‘Other’ Non-adherent
‘No intervention’ Non-adherent®|Other®
Hysterectomy was considered, ‘No intervention’® Adherent

Strong, multiple intervention recommendation

Hysterectomy Hysterectomy AND Lymph node dissection Adherent
AND Hysterectomy (only) Other®
Lymph node dissection
Lymph node dissection (only) Other®
Hysterectomy AND Lymph node dissection AND Radiotherapy Other®
‘Other’ Non-adherent
‘No intervention’ Non-adherent

Weak, multiple intervention recommendation

Consider hysterectomy Hysterectomy AND Lymph node dissection Adherent
AND Hysterectomy (only) Other
Consider lymph node dissection
Lymph node dissection (only) Other
Hysterectomy AND Lymph node dissection AND Radiotherapy Other?
Hysterectomy AND Lymph node dissection were considered, ‘No intervention’® Adherent
‘Other’ Non-adherent
‘No intervention’ Non-adherent®|Other®

Strong and weak, multiple intervention recommendation

Hysterectomy Hysterectomy AND Lymph node dissection Adherent
AND Hysterectomy (only) Other® |Adherentb
Consider lymph node dissection
Lymph node dissection (only) Non-adherent
Hysterectomy AND Lymph node dissection AND Radiotherapy Other®
Hysterectomy AND Lymph node dissection is considered Adherent
‘Other’ Non-adherent
‘No intervention’ Non-adherent

2Patient was not discussed during multidisciplinary team meeting.

bPatient was discussed during multidisciplinary team meeting.

“Recommendations provided with the context ‘consider’ can only be evaluated in case the consideration is explicitly available in the dataset.
dpotential over treatment.

®Potential under treatment.

fAll cases deviating from the examples in the table are classified as ‘Residual’.
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radiotherapy) and second indicates a likelihood of successive treat-
ment in the next phase of care (eg, neo-adjuvant radiotherapy). In the
first case the challenge lies in combining the correct interventions in a
database as one recommendation. Adherence classification mainly
depends on meeting the expected time interval between interventions
by which they should be considered as executed based on a single
recommendation. In the second case, it must be assessed whether the
implicitly assumed main treatment (eg, surgery) has indeed been

administered within the expected time frame.

24 | Analyses

24.1 | Adherence classification

CDTs reveal all subpopulations described by the guideline and thus
enable adherence measurements for these groups of patients. Ideally,
the results of these adherence measurements are presented dichoto-
mously: adherent vs non-adherent, but in reality there are also cases
with uncertainty or which cannot be evaluated. In our project, we

identified the following adherence classes:

1. Adherent: the executed interventions are similar to the recommended
interventions.

2. Non-adherent: the executed interventions deviate from the recom-
mended interventions.

3. Other: the relation between the executed interventions and the
recommended interventions is unclear. The class ‘other’ can option-
ally be subdivided into:

a. Potential under treatment: The executed interventions are part
of, but not the full set of recommended interventions.

b. Potential over treatment: The executed interventions are
similar to the recommendation, however also additional inter-
ventions were executed.

c. Residual: The relation between the executed interventions and

the recommendation is not clear.

Hypothetical examples of adherence classification are given in
Table 1 for all combinations of the five types of recommendations and
executed interventions from a real-world dataset.

In the prototype dashboard the results of the adherence clas-
sification were expressed in percentages. For every subpopulation,
thresholds (lower limit and upper limit) of acceptable adherence
percentages were determined in advance. If a measured adherence

level falls outside these reference values, an alert can be issued.

2.4.2 | Analyses types

Adherence measurements can be performed along two axes in the
developed prototype in which the methodology described here is
implemented. First, every decision moment in the care pathway,

represented by a single CDT, can be evaluated in total and
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stratified per subpopulation. This process supports, for example,
analyses of overall adherence to ‘adjuvant treatment’ of a disease.
In addition, a specific subpopulation from a CDT can be selected
and analyzed.

Second, a panel in the prototype provides an overview of all
mapped data items in a project. Based on these data items, a selection
of a specific population can be made, for which all executed interven-
tions as available in the RWD are presented, including adherence
classification.

In addition, more specific analyses can be performed based on
additional available variables in the RWD. For example, the NCR also
contains data related to time (eg, incidence dates and age) and hospi-
tals (eg, region and type), which makes it possible to analyze trends

over time and age or region specific adherence.

3 | RESULTS

Remodeling of the Dutch guideline for endometrial cancer resulted
in a total of 10 CDTs. The developed CDTs revealed 22 unique
patient and disease characteristics and 46 unique interventions
(Table 2), which were captured in the information standard and
supplemented with SNOMED-CT codes. It took a time investment
for our team (expert informaticians, physicians and researchers) of
32,12, and 16 h, to respectively: develop and validate CDTs, draw
up an information standard, and perform the mapping process.

From a total of 124 NCR data items in the dataset of endometrial
cancer, 22 data items were directly mappable with an information
standard concept. A total of 10 data items were mappable after edit-
ing of NCR data: ‘Clinical stage’ (calculated from ‘cT’, ‘cN’, and ‘cM’),
‘Number of metastases’ (calculated from ‘metastases topography’),
‘FIGO stage (calculated from ‘pT’, pN’, and ‘cM’), ‘Age’ (calculated
from ‘date of birth’ and ‘incidence data’), Lymphadenectomy (created
from ‘Lymph node dissection’), ‘Resection of lymph node metastases’
(created from ‘Lymph node dissection’), ‘Systemic therapy’ (created
from all available ‘systemic therapies’), ‘No adjuvant treatment’
(created from absence of ‘systemic therapy’ and ‘radiotherapy’),
‘Staging result’ (adapted from ‘completeness of staging’), and ‘Re-staging’
(created from subsequent ‘staging surgeries’).

A total of four CDTs could be populated with sufficient data
items for measurement of adherence.

Three of these could directly be completely populated
with data from the NCR: ‘Staging Evaluation’, ‘Adjuvant treatment
for endometrioid type’, and ‘Adjuvant treatment sereus and clearcell
type’. In the CDT ‘Primary treatment’ two data items were
missing in the NCR dataset. The first, ‘Location tumor (Parametrium/
Vagina)’ consequently was added to the NCR dataset from inci-
dence date January 1, 2022 onwards. The second, ‘Radical
treatment possible (Yes/No)’, is a subjective data item which is
considered not registrable from EHRs and consequently omitted in
the analyses.

The NCR contains 92 additional data items enabling potential
relevant filtering options in the prototype dashboard.
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TABLE 2 All patient and disease characteristics, and interventions present in the guideline based clinical decision trees. These concepts were
recorded in the endometrial cancer information standard. Data items from the NCR dataset were then mapped onto the concepts in the

information standards if appropriate.

Clinical decision tree Patient and disease characteristic

Initial diagnostics

Additional diagnostics for suspicion of endometrial carcinoma

Ultrasound result®

Staging diagnostics
Endometrial sampling result®
Grade (biopsy)©

Suspicion on invasion®

Primary treatment
Clinical stage®
Histology®
Number of metastases”
Tumor location®

Radical treatment feasible®

Adjuvant therapy endometrioid type
FIGO stage”
Grade (surgery)?
AgeP
Prior surgery type®
Lymph-vascular space invasion?
Staging evaluation
Staging result®
Adjuvant treatment sereus and clearcell type
FIGO stage®
Grade (surgery)?

Lymph-vascular space invasion®

Intervention

Anamnesis®
Gynecological examination®

Transvaginal ultrasound®

Endometrial sampling®

Endocervical curettage®

Individualize treatment
Chest x-ray©

CA-125°

Cystoscopy®
Proctoscopy®

CT-scan®

CT-scan abdomen®
MRI-scan®

Total abdominal hysterectomy?®
Total laparoscopic hysterectomy®
Bilateral salpingo-oophorectomy?
Radical hysterectomy?®
Lymphadenectomy®

External beam radiotherapy?®

Internal radiotherapy®

Resection of lymph node metastases”
Individualize treatment?

Complete staging®

Local policy matching uterine status®
Radiotherapy on metastases®

Systemic therapy®

No adjuvant therapy®
Vaginal brachytherapy®
External beam radiotherapy?®
Chemotherapy?

Individualize treatment®

Re-staging®

Vaginal brachytherapy?®
Radiotherapy?
Chemotherapy?

External beam radiotherapy?®
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TABLE 2 (Continued)

Clinical decision tree

Follow-up

Years since primary treatment®

Recurrence diagnostics

Recurrence type©

Recurrence treatment
Recurrence type©
Prior treatment®

Local recurrence diameter®

Optional treatment radicality®

Progesteron receptor status®

Location of regional recurrence®

2Available in NCR.

bDerivable from or calculated with NCR data.
“Unavailable in NCR.

9Non evaluable.

4 | DISCUSSION

We developed and successfully implemented a methodology to con-
tinuously monitor guideline adherence. The Dutch endometrial guide-
line represented as CDTs were linked with real world data from the
NCR. The novel methodology expands on earlier work by Hendriks
and colleagues. In this work, Hendriks describes a methodology to
parse textual guidelines into CDTs, making them both human readable
while allowing for computer assisted data driven evaluation of the
underlying algorithm. To our knowledge, a methodology to actually
leverage this potential in relation to evaluation of guideline adherence
has not been reported.

Continuous monitoring of guidelines has a 2 fold relevance for
guideline developers. First, an evaluation with RWD enables a
quality assessment of the guideline, which leads to the identifica-
tion of potential improvements in the recommendations. Second, it
is possible to quantify how successful a recommendation has been
implemented, which enables consideration of changing the imple-
mentation strategy. The methodology supports a cyclical process
of developing (or updating), implementing, and evaluating guide-
lines is a substantial

and consequently component of a

Patient and disease characteristic

Learning Health SystemsliR&E

Intervention

Physical examination®
Gynecological examination®
Counseling®

Vaginatop cytology*©

Biopsy*©
CT-chest/abdomen®
Laboratory blood test®
CA-125°

Cystoscopy®
Proctoscopy®

Bone scintigraphy®

Radiotherapy®©

Debulking®

Exenteration®

Hormonal therapy®©

Systemic chemotherapy®

Surgery*©

Low-dose medroxyprogesterone (200 mg/day)®

Megestrol acetate (160 mg/day)"

collaborative learning health environment.>%32 This is supported
by the longitudinal nature of the real-world data, that enables ana-
lyzes regarding the duration of implementation of interventions
(‘evidence to practice’)®® and potentially to initiate targeted
actions to shorten the anticipated time span.

In addition to measuring adherence, a structured analysis of the
guideline using RWD has another important advantage. Real-world
data analyses address the generalizability of the research conclusions
that guideline recommendations are initially based upon.®* Guideline
recommendations are preferably based on the highest level of evi-
dence available; often (systematic reviews of) RCTs. However, patient
populations included in many RCTs do not adequately reflect the
patients in the real world, for instance by only including patients of a
certain age, race, or social background. In contrast, real-world datasets
may include older patients with more comorbidity and challenging
social and demographic circumstances by default. Including all
patients from the applicable population in guideline adherence ana-
lyses results in a more complete understanding of the impacts of the
recommendations under study in real life.

With a guideline as a reference, this methodology supports an

additional structured and data driven analysis of quality of care
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provided to the population of interest. By remodeling the guideline
text into CDTs, all defined subpopulations are identified and provided
with valid recommendations. The identified subpopulations can then
be further stratified using additional variables from the real-world
dataset that are not included in the guideline-based CDTs; enabling
exploration of more detailed subpopulations that may alter adherence
levels. For example, if ‘age’ is not a criterion for a specific recommen-
dation, but RWD analysis shows that 90% of all non-adherent cases
are over 70 years of age, this may be relevant information to adjust
the guideline by adding ‘age’ as a steering variable. Such analyses
identify patient and disease characteristics that influence decision
making in clinical practice, but are not mentioned in the recommenda-
tions. Evidently, an extensive dataset supports a multitude of possible
analyses, and hence the potential to gain relevant new insights, con-
tributing to real-world evidence.®®

To the best of our knowledge, no studies have been conducted to
determine the desired level or range of adherence to oncological
guidelines. Guideline adherence measurements as described here
should prompt further discussion of acceptable adherence levels.
Determining factors for guideline adherence are (1) patient-related
(eg, comorbidities, age, patient preferences) or influenced by (2) the
level of evidence underlying a recommendation. Guideline recommen-
dations are formulated at the population level and are evaluated by
clinicians to support optimal decision making for individual patients,
taking into account their specific characteristics. Definitive conclu-
sions for practice are only possible if one can distinguish between
justified and non-justified non-adherence to guidelines.>® Conscious
deviation from guideline recommendations should be considered as
justified and contributing to quality of care. Accurate clinical reporting
of the motivation to deviate from a recommendation is of high impor-
tance because it is a key factor in the assessment of quality of care. In
addition, it is plausible that a lower level of evidence for an interven-
tion, in principle resulting in a weak recommendation, generally leads
to lower levels of adherence. A low level of evidence leaves more
room for physicians to ensure optimal care for individual patients,
based on practice-based evidence. For every identified subpopulation
in a guideline, the aforementioned criteria should be taken into
account to debate on an optimal range or proportion of adherence
levels. The methodology and prototype developed in this project can
generate insights that advance this debate.

By analyzing all variables from a guideline, it is possible to identify
the steering parameters for clinical decision making; these should be
regarded as the minimum data set required for assessing adherence
accurately. This project used NCR data, which is a uniform, high-
quality dataset. However, users should be aware of the nature and
origin of the data they are using and interpret the generated results
accordingly. RWD is retrospective in nature and may be prone to
misclassification and selection bias, which has to be considered in the
analyses and interpretation of the results. In other words, the quality
of the real-world data determines the validity and reliability of the
analyses.%”

In addition to data quality, data availability is another major hurdle

to come to a self-improving healthcare system. For example, we were

only able to populate 4 out of 10 CDT's using the Dutch Cancer
Registry. As it stands, EHR data, without validation and cleansing, is
unfit for secondary use, and manually collecting more data in cancer
registries is not scalable. A path forward should come from a combina-
tion of policy and technical innovation. On the local, national and
European level there are already initiatives to improve data availability
in the healthcare space. More use of semantic and technical informa-
tion standards, together with functional, legal, and financial incentives
to implement and use these standards in a meaningful way should
provide a steady path toward better availability of high-quality data
for secondary use. However, even with the proper standards, incen-
tives and policies in place, standardized reporting may not be of added
value for physicians in their workflow and only add registration bur-
den. Technical innovations such as, for example, large-language
models trained on the medical domain may be of use to support phy-
sicians with encoding their free-text note-taking without adding extra
registration burden.

The described methodology focuses on the guideline working
group as primary users and a single oncological condition. However,
CDTs are also suitable for other conditions and diseases, which
enables application in the newly developed adherence measurements
methodology. Underlying calculations according to the methodology
remain identical for other diseases. Although other areas of healthcare
may be organized differently. For example, MDTs are standard within
oncology, which is why we were able to include them as a proxy in
our classification of adherence for ‘weak recommendations’. More-
over, the prototype can be continuously supplemented with more
recent cases, and thus identify (adherence) trends over time. Addition-
ally, when hospital and geographical data is included in the RWD, it
enables analyses between (type of) hospitals, regions, and countries.
Because CDTs identify all relevant subpopulations, this method is also
able to continuously monitor adherence for all these groups if a guide-
line is (modularly) updated. These aspects may enhance guideline
development, guideline quality assurance and improvement, and will
ultimately improve quality of care.

The method was implemented through a dashboard prototype
that requires further testing to evaluate its functionality. The pro-
totype is currently capable of applying the method described here
and performing additional analyzes based on filtering with input
from additional data from the NCR. It enables interactive usage
and supports various analyses. By adjusting the presentation of the
results this application could be useful for other target groups, like
patients, policy makers, healthcare professionals and the general
audience.

5 | CONCLUSION

We successfully demonstrated continuous monitoring of guideline
adherence is possible using this novel methodology. This creates a
closed loop in guideline development, implementation, and evaluation
and healthcare delivery, making it a valuable part of the evidence

ecosystem.®
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Having continuous insights into guideline adherence is a crucial,
first step to provide high-quality care. This methodology could be
used as a base and extended to cover health outcomes (as defined in
PICOs, such as adverse events, progression-free survival, and overall
survival) as actual endpoints to evaluate quality of care. This would
add even more value to this application to be further used in a value-
based healthcare environment.®®

This method closes the circle of the evidence ecosystem by
linking knowledge sources to real-world data. The knowledge source
is thus continuously fed with results from clinical practice and forms
the linking cog of a learning healthcare system. Availability, complete-
ness and quality of real world data determines the validity and reliabil-
ity of the methodology, and should have ongoing attention when

further implementing the evidence ecosystem.
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