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Background: Health-related quality of life (HRQol) is a crucial outcome for cancer patients, providing a comprehensive
measure of patient well-being beyond traditional clinical endpoints. While HRQoL data are increasingly available from
real-world data (RWD), randomized controlled trials (RCTs), and observational studies, they remain fragmented,
limiting their utility for large-scale analysis. The European Organisation for Research and Treatment of Cancer
(EORTC) Quality of Life Group’s BALANCE project aims to address this by pooling and harmonizing international
HRQoL datasets for breast cancer patients.

Materials and methods: This article describes the challenges of pooling international HRQoL datasets, including the
process of dataset identification, acquisition, and harmonization within the BALANCE project.

Results: We successfully pooled and harmonized six datasets, representing 6500 patients and over 30 000 observations
from diverse RCTs, observational studies, and RWD sources. The resulting database includes 142 variables across
demographic, clinical, and HRQoL domains. Challenges included various interpretations of the General Data
Protection Regulation across Europe, related to data protection and ownership. Furthermore, inconsistent data
collection and resource limitations (e.g. funding or personnel) required iterative negotiations and customized
harmonization. This led to the exclusion of 17 datasets containing an estimated number of 20 000-22 500 patients.
Conclusions: The BALANCE project demonstrates the feasibility of pooling international HRQoL data by overcoming key
barriers and creating one of the largest HRQoL datasets for breast cancer. It lays the groundwork for upcoming
publications focused on developing and validating prediction models. Future research should focus on adopting
standardized data models, including secondary use clauses in consent forms, and establishing RWD registries to
facilitate data sharing.
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INTRODUCTION

Many cancer patients suffer from the effects of cancer and
its treatments, which can cause physical and psychosocial
morbidity and result in impairments of health-related
quality of life (HRQoL)." In cancer research and care, the
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collection of HRQoL data using patient-reported outcome
measures (PROMs) has increased in recent years.”® This
expansion aligns with the broader trend in health care,
where digitalization is driving rapid growth in data avail-
ability.*® The growing availability of HRQoL data facilitates
big data analysis’: machine and deep learning (ML/DL) can
uncover clinically relevant information in massive amounts
of data, by discovering new connections between the
available variables beyond classical analysis. For example,
predicting the next HRQoL measurement regardless of the
time between measurements creates the flexibility needed
when applying these models to clinical practice. Yet, these
self-learning algorithms require large amounts of data.*®
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Therefore, the BALANCE (Big data in patients with breast
cancer) project [funded by the European Organisation for
Research and Treatment of Cancer (EORTC) Quality of Life
Group (QLG)] aims to bring together HRQoL data from
multiple sources in Europe to support the development of
such algorithms.

Bringing together HRQoL data is essential: despite the
substantial volume of HRQoL data in oncology, most datasets
remain too small for ML/DL and, in some cases, even for
traditional prediction methods.” Existing HRQoL data are
scattered over many smaller datasets, with a variety of
PROMs and measurement strategies collected in many ini-
tiatives.'°** Pooling existing datasets from various sources
could enable robust HRQoL predictions using sufficiently
large samples.”** Unlike hypothesis-testing studies, predic-
tion models do not rely on traditional sample size calcula-
tions; instead, the goal is to optimize model performance.*
A larger sample size generally provides more precise and
reliable results, with effective sample sizes often determined
by the number of outcome events.'®

Furthermore, the growing availability and volume of HRQoL
data necessitate sustainable, future-proof management to
achieve sufficient sample sizes to unlock the potential of
HRQoL prediction modeling. Secondary use of data-
—repurposing them beyond their original intent—offers a
cost-effective alternative to setting up new large-scale studies,
which can be expensive, labor-intensive, and burdensome for
patients.

While pooling data overcomes some barriers and creates
opportunities for more analysis types, challenges are intro-
duced for identification, acquisition, and harmonization of
the data. To inform future data pooling projects, it is
important to share our experiences. Therefore, we discuss
the challenges of HRQoL data pooling encountered in the
BALANCE project. Firstly, the BALANCE project will be out-
lined, followed by the steps of identification, acquisition, and
harmonization, highlighting the challenges encountered and
the solutions implemented. We then discuss key lessons,
solutions, and alternative solutions not taken.

MATERIALS AND METHODS

Setting

The objective of the EORTC QLG BALANCE project is to
develop comprehensive and accurate risk prediction
models for HRQol for breast cancer patients. The combined
effects of treatment, lifestyle, demographics, comorbid-
ities, and psychosocial factors on HRQolL outcomes will be
investigated.

A sample size of 10 000 patients was aimed for to exceed
typical patient numbers in artificial intelligence and clas-
sical modeling studies®*’?°; initial analyses were deemed
feasible with 5000 patients. No formal sample size calcu-
lations were conducted, as this exceeded conservative
estimates using a rule of thumb. The rationale for the large
sample was based on the necessity to adjust for population
heterogeneity, to account for missing data, and to enable
robust subgroup analyses.
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Once the first datasets were merged, sample size cal-
culations for classical models with continuous outcomes
were carried out using R’s ’‘pmsampsize’ package.’!
Depending on the selected R®> (0.4-0.9), the minimum
required sample size ranged from 537 to 2455 patients,
assuming all possible predictors of the BALANCE project
and a varying model intercept (10-90) with a standard
deviation of 10.

Data source identification

To identify potential data sources, the scope of the search
was limited to datasets about adult women diagnosed with
non-metastatic breast cancer (stage I-1lIA), who had
completed at least two PRO assessments using the EORTC
Quality of Life Core questionnaire (QLQ)-C30 and/or breast
cancer-specific QLQ-BR23 instruments®>*® before, during,
or after treatment. Additionally, each dataset had to
include dates of HRQoL measurements, date of diagnosis
(DoD), treatments received, and disease characteristics like
staging and TNM (tumor—node—metastasis) status.

The first datasets were identified through the EORTC
QLG network, a European consortium of researchers
focused on improving HRQoL in cancer care. A collabora-
tion was established with the EORTC statistics department
to identify and access relevant EORTC trials.

Additionally, we explored data availability through Proj-
ect Data Sphere (PDS; https://data.projectdatasphere.org)
and Vivli (https://vivli.org). While differing slightly in scope,
both platforms are key facilitators of clinical research data
sharing. They provide access to anonymized participant-
level data from completed clinical trials, either through
direct download or upon request.

Lastly, we conducted a literature search to ensure
comprehensive data identification.”***°

Data acquisition

After identifying the datasets, the principal investigators and/or
the corresponding authors of the original studies were con-
tacted. Once an agreement was reached, the data-sharing
process was initiated. Depending on institutional re-
quirements, additional approval from the institutional review
board (IRB) or ethics committee (EC) was sometimes necessary
before data were acquired.

The data-sharing agreements (DSAs) were drafted by the
data owner; often, a template from the EORTC legal
department provided a starting point for contract negoti-
ations. The DSAs specified ownership of the datasets and
rights to the resulting output. For the EORTC BALANCE
database, a ‘data processor’ model was adopted, wherein
ownership remains with the original institute, while data
stewardship and processing rights were granted to the
applicants’ institutions—Netherlands Cancer Institute (NKI)
and Medical University Innsbruck (MUI). Intellectual prop-
erty (IP) rights for the research output were assigned to
NKI, MUI, and EORTC, while data contributors were credi-
ted for authorship and data. General Data Protection
Regulation (GDPR) Article 26 ‘Joint controllers’, which
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governs data use and processing, was either addressed in
separate agreements or the main DSAs. This model was
chosen as other alternatives were practically impossible,
including owning all data outright, as some studies have
clauses against this in their informed consent, while others
were technically or financially infeasible for the project (e.g.
federated learning, see ‘Discussion’ section). For the
resulting models and other research output, the NKI, MUI,
and the EORTC are the joint owners of the end product.

Data harmonization

Without a uniform standard for included variables, a codebook
was devised to encompass all pertinent variables for our
project (see Supplementary Table S1, available at https://doi.
org/10.1016/j.esmorw.2025.100172). The variable definitions
are based on the guidelines of the Dutch Federation of Medical
Specialists’® for disease and treatment characteristics of
breast cancer, the European Network of Cancer Registries,”’
and the Observational Medical Outcomes Partnership (OMOP)
common data model®® for data standardization and quality
checks. We harmonized all variables that were acquired into
the database. To ensure alignment in the HRQoL assessment
timeline and to allow further analysis, the DoD was selected as
the independent anchor for all date variables. DoD is both
available for real-world data (RWD) as well as trial data and
therefore suitable to align the differing HRQoL timelines.

All HRQoL scales were calculated using the EORTC scoring
manual,”® and the C30 domain scores were dichotomized
according to the clinically relevant cut-offs of Giesinger
et al.®® These thresholds classify patients’ domain scores
based on whether the impairment is clinically relevant.

Ethics

Ethical approval for the EORTC BALANCE study was obtained in
2022 from the IRB of Antoni van Leeuwenhoekziekenhuis/
Nederlands Kanker Instituut (IRBd22-179). Ethical approval for
the OPTIMUM study was obtained from the Medical Research
Ethics Committee Brabant, The Netherlands (reference num-
ber: NL66913.028.18). The VERDI study was approved by the
ECs of the University of Heidelberg and the Medical Associa-
tion of Saarland. Written informed consent was obtained from
all participants. The study protocol for UMBRELLA was
approved by the Institutional Review and Ethics Board of the
University Medical Center Utrecht, The Netherlands.

RESULTS

Data identification

Twenty-five datasets with breast cancer patients who
completed HRQoL questionnaires were identified. Key
sources were the EORTC QLG (n = 9), EORTC Quality of Life
department (QLD) (n = 1), and the authors’ networks (n = 6)
(Figure 1). Six more were found via data-sharing platforms,
and one registry contacted us through word-of-mouth
communication. A literature search (including the results
from van der Heijden et al.”) yielded two additional datasets.

Volume 9 m Issue C m 2025

Data acquisition

Outreach and screening. For datasets from EORTC QLD
(n = 1), Vivli (n = 5), and PDS (n = 1), documentation was
requested to assess eligibility. For the remaining studies
(n = 18), we contacted the principal investigators to screen
for eligibility.

Data-sharing negotiations were started with nine dataset
holders, while 17 datasets (estimated 20 000-22 500 patients)
were excluded (Figure 1). Three datasets (~ 2000 patients)
were excluded due to missing or unclear formulation of patient
consent for data sharing or secondary data use. In these cases,
the lawful basis of explicit consent (pursuant to Article 6 (1) (a)
and 9 (2) (a) together with Article 9 (2) (j) and 89 (1) of the
European Data Protection Regulation 2016/679 (GDPR*') was
not applied entirely. Two datasets were excluded due to a lack
of monetary resources, as no budget was available for data
purchase or reimbursing data preparation (~ 3500 patients).
Two datasets were excluded due to competing projects or
conflicting interests of the principal investigators (~ 1000 pa-
tients). Four additional datasets were excluded for various
reasons, like lack of perceived benefits for contributors (~ 1200
patients). All datasets from Vivli and PDS were excluded due to
missing HRQoL assessment dates (n = 3, ~ 1600 patients) or
key variables like treatments and age (n = 3, ~12 500
patients).

Data-sharing negotiations. Negotiations for seven out of
nine datasets have been completed, and six sets have been
included in the BALANCE database; we are currently wait-
ing on data transfer for the seventh dataset. Other datasets
are in data protection review (n = 1) or awaiting steering
committee approval (n = 1).

Table 1 shows the time from first contact to data receipt;
the average was 18.2 months (range 2-32 months, n = 6).
On average, each data-sharing contract underwent three
reviews by legal or data protection officers.

Data harmonization. Harmonization began with creating
the codebook, using the NKI data as a template, with
adjustments made after consulting a breast cancer surgeon
and the study team. Variable definitions followed the
established guidelines (see ‘Materials and methods’ section).
Missing variables were either derived from others or set to
not applicable, while others were recoded to the BALANCE
codebook format using R Studio (v4.3.2; Posit PBC, Boston,
MA). Coding issues were resolved by two researchers
(TGWvdH and NJH); if no agreement was reached, the study
team decided (KMdL, BHdR, LVvdPF, BH). This led to, for
example, having a binary comorbidity variable as well as
some binary variables for categories of comorbidities. This
resulted in a ‘raw’ dataset where both original variables and
BALANCE variables were present; from this set, a ‘cleaned’
dataset was selected for merging.

Before merging, each patient was assigned a unique
BALANCE ID, a dataset source indicator, and a data type
(RWD/trial) indicator. Merging was done in stages, starting
with the NKI and Kufstein data, followed by the AMARQOS,
UMBRELLA, OPTIMUM, and VERDI datasets.
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Figure 1. Flowchart of dataset inclusion into the EORTC BALANCE study. Only datasets that met the inclusion and exclusion criteria at the identification step are shown.
EORTC, European Organisation for Research and Treatment of Cancer; QLD, Quality of Life department; QLG, Quality of Life Group.

Overview of datasets included. The BALANCE database
currently includes six datasets with 6500 patients (Table 2),
with >30 000 observations of varying assessment time
points (Figure 2). These datasets include randomized
controlled trial data (EORTC AMAROS), observational
studies (UMBRELLA, OPTIMUM), and RWD (NKI, BKH
Kufstein), representing a diverse breast cancer population
with varying treatments, ages, and survival durations.

Harmonization of the six datasets yielded 157 common
variables, including 53 HRQoL items, 23 HRQoL scales, 15 bi-
nary scales (QLQ-C30 thresholds), 15 demographic character-
istics, 15 comorbidities, 20 disease characteristics (e.g. tumor
staging), 14 therapy characteristics (e.g. type of therapy), and
2 time variables (time of HRQoL assessment in months/days
since diagnosis; codebook in Supplementary Table S1, avail-
able at https://doi.org/10.1016/j.esmorw.2025.100172).

Table 1. Overview of duration between first contact, agreement between researchers, signed DTA, and receipt of the data

Dataset Time between first Time between first Time between starting Time between signing Total time between
e-mail contact meeting and starting contract negotiations the contract and first contact and
and first meeting contract negotiations and signing the contract receiving the data receiving the data

1 <1 month <1 month 1 month 5 months 6 months

2 1 month 1 month 29 months <1 month 31 months

3 1 month <1 month 1 month 1 month 3 months

4 <1 month <1 month 7 months <1 month 7 months

5 <1 month <1 month 7 months <1 month 7 months

6 12 months <1 month Pending (>9 months) — —

7 <1 month 5 months 9 months <1 month 15 months

8 <1 months 15 months 9 months <1 month Pending

9 1 month Pending — — —

Last updated in March 2025. Anonymized for privacy.
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Table 2. Overview of datasets and their main characteristics that make up the BALANCE database

Dataset Number of  Country Data origin Maximum number of Questionnaires used Time period of data collection
patients HRQolL assessments

AMAROS* 1274 Multiple® RCT 5 C30 2001-2010

UMBRELLA*® 3108 The Netherlands ~ Observational cohort 22 €30 and BR 23 2013-present

OPTIMUM?* 664 The Netherlands  Observational cohort 2 C30 2019-2023

NKI*® 1018 The Netherlands RWD 6 €30 and BR 23 2021-present

BKH KUFSTEIN*® 130 Austria RWD 58 C30 2005-2022

VERDI®’ 306 Germany Observational cohort 4 C30 and BR 23 1997-2009

RCT, randomized controlled trial; RWD, real-world data.
®France, Israel, Italy, The Netherlands, Slovenia, Switzerland, Turkey, UK.

Issues regarding harmonization. During harmonization,
several challenges emerged due to the nature of the
project. Firstly, data quality varied across datasets,
requiring standardization at the lowest complexity level.
For example, treatment variables were standardized into
dichotomous variables for each treatment category (sur-
gery, chemotherapy, etc.), whereas datasets like NKI
contain more detailed treatment information, including
initiation and termination dates.

A second challenge involved the completeness of the
data, including data missing either at random (e.g. incon-
sistently recorded in RWD) or systematically (e.g. not being
available/measured across entire datasets). This heteroge-
neity may influence subsequent analyses.

Thirdly, to ensure patient privacy, all time points were
converted to days since diagnosis, making this variable

pseudonymized. Diagnosis was set as day 0, and a time-
point, e.g. 3 months, is considered 91 days. For AMAROS,
where DoDs were unavailable, randomization dates were
used to align datasets.

Resources needed for pooling

Two PhD students contributed to the project—one for 3
years and the other for 1.5 years. Securing the study contract
and passing ethics checks took 9 months. Data recruitment
was a part-time task over 2 years (6-30 months) (Table 1).

Data cleaning was the most resource-intensive phase,
involving codebook creation and dataset standardization.
Standardization took 1-1.5 weeks per dataset, but ongoing
updates, missing variables, and corrections extended
cleaning to 3-4 weeks per dataset, totaling 4-6 months.

QoL assessment timepoints in months since diagnosis
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Figure 2. Distribution of HRQoL measurements over time in the database of 6500 patients. HRQoL, health-related quality of life.

Volume 9 m Issue C m 2025

https://doi.org/10.1016/j.esmorw.2025.100172




Merging datasets was time-consuming, with each update
requiring a new database version. Though merging each
dataset took <1 week, the total effort required at least 1
month of full-time work with all checks.

Summary of challenges

A summary of challenges is provided in Table 3.

DISCUSSION

The EORTC BALANCE project showed that integrating inter-
national HRQoL datasets is feasible but challenging due to
issues like missing patient consent for secondary use, limited
resources for data acquisition, and data heterogeneity.
Despite these obstacles, the database currently includes >30
000 observations from 6500 patients across a diverse breast
cancer population (2001-2024). If ongoing negotiations suc-
ceed, we aim to expand the dataset by 4500 patients,
reaching 11 000 patients and 50 000-60 000 observations.

Data identification

A comprehensive overview of available datasets is crucial
for data pooling projects. For clinical trial data and large
registries, platforms like PDS and Vivli, along with literature
searches, provide well-indexed resources. However, for
RWD data, the situation is different.

The systematic collection of PROMs in RWD is a trend of
the past decade, primarily driven by care centers instead of
(inter)national organizations. While some centers collect
RWD for academic and clinical purposes, much of them

T. G. W. van der Heijden et al.

remains unreported in literature as they are often only
collected for clinical use. Without a comprehensive registry
of HRQoL RWD, identifying relevant data through literature
remains challenging. In BALANCE, for example, RWD was
identified using researcher and funder networks (NKI and
BKH Kufstein datasets).

An (inter)national registry of centers that collect PROMs
would greatly support projects like BALANCE in identifying
suitable RWD. The PROFILES registry, integrated with the
Netherlands Cancer Registry, is an example where
centralized HRQoL data led to multiple pooled analyses and
yielded an HRQoL prediction model.****3*° Through this
registry, we identified the OPTIMUM and UMBRELLA
studies. Expanding efforts like PROFILES (inter)nationally
could further enhance the secondary use of HRQoL data.
International organizations (e.g. EORTC) are well equipped
to lead such initiatives. The European Health Data Space
(EHDS) is another key initiative, aiming to establish a
framework for the exchange of electronic health data
within the European Union (EU), specifically for secondary
data use.”” Ideally, HRQoL data registries will be integrated
into health data access bodies to create a European
network of easily accessible HRQoL data registries.**

Data acquisition

Intellectual property. Ownership and IP rights to data
present another significant barrier to data sharing. Several
approaches exist for structuring data pooling projects to
navigate this barrier.

Table 3. Overview of encountered challenges and proposed solutions

e Purchase of all ownership

Various interpretations of
data protection e Additional

agreements

e Federated learning, no data sharing

clauses  within

boards
e Re-consenting of all patients
e Financial compensation
e Joint efforts by
organizations

secondary use

Resource limitations
international

Data harmonization

original data collection

pooling study

Challenge Potential solution(s) Solution chosen  Reasoning for solution chosen
Data identification
Finding suitable data e Comprehensive registry of real-world HRQoL e No e Currently not available
data e Yes e Feasible within the project
e Literature search e Yes e Feasible within the project
e Leveraging researcher networks
Data acquisition
Intellectual property and e Ownership remains with the original data e Yes e Standard procedure for data sharing under
data ownership holders, contributors act as processors only e No GDPR
e Consortium structure with shared ownership e No e Required a different project setup and funding
e Federated learning, no changes in ownership e No e Required a different project setup, missing

e Separate joint controllership agreement
data-sharing e Yes

Patient consent for e Approval of data sharing by medical ethics e Yes

research e Yes

Heterogeneity and missing data e Common data models and frameworks used by

e Common data models and framework used by

expertise, and funding

Not budgeted

No e Required a different project setup

Different interpretation chosen by leading legal
e No counsel

Required a different project setup

e When needed, the easiest solution
e No e Time-consuming, (probably) impossible to track
all patients

No

Not budgeted
e EORTC QLG promotes international collabora-
tion and data sharing

e No e Not possible; no original data collection
e Yes e Standardizing available data to a certain com-
mon level

EORTC, European Organisation for Research and Treatment of Cancer; GDPR, General Data Protection Regulation; HRQoL, health-related quality of life; QLG, Quality of Life

Group.
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The first approach, used by BALANCE, involves contributors
acting as data processors. In this model, all project-generated
outputs are the IP of the funder and the processors, while the
raw data remain the IP of the original institutions. While
effective for this project, this model may not be suitable for
follow-up work using the pooled data. Within the DSA, the
purpose of data processing is explicitly defined, often
restricting its use to a specific research question or focus. As a
result, any follow-up work that falls even partially outside this
scope cannot be conducted using the data, unless you rene-
gotiate a new DSA for the new research question.

A second option is to establish a consortium structure, in
which data contributors receive ‘a seat at the table’ in
exchange for contributing data to a large pooled dataset.
All partners of the consortium share rights over the
generated IP and raw data.

A third option would be to purchase all ownership and IP
rights of all existing data. While theoretically this solves all
issues, it seems uncommon in the HRQoL space with only
one dataset encountered for sale.

Data protection. A key challenge in data sharing is the
various interpretations of the European GDPR 2016/679,
effective from 2018.>* The GDPR aims at promoting both the
free flow of personal data within the EU and beyond, and
protecting the individual and their personal data.*? Thus,
individuals have the right to supervise their data and be
informed about their use, but this does not mean that the
individual can exercise complete control over their data.*?

The lawful basis of consent is only one of several legal
grounds for processing personal data for secondary
research purposes. In the EU, member states have adopted
various implementation laws and the interpretation of the
GDPR framework differs as well.** The GDPR provides for
six lawful bases for the processing of personal data (Article
6 GDPR) and several exemptions for the processing of
health data for scientific research purposes (Articles 9 and
89 GDPR). In multicenter research, member states use
different legal bases for the processing of health data or
they have adopted other consent mechanisms.*>*®

While crucial for data protection, the use of different legal
grounds can delay agreements and data transfers. Further-
more, parties in multicenter studies often have different views
on the roles of the data controller (Article 24 GDPR), the data
processor (Article 28 GDPR), and the joint controllers (Article
26 GDPR). For instance, some legal departments require a
separate joint controllership agreement under Article 26 of the
GDPR, which defines the responsibilities of both parties for
data collection, storage, and use, leading to prolonged nego-
tiations, while others rely solely on additional clauses within
the DSA to regulate controllership of the data.

Federated learning is a tool to overcome obstacles due
to various interpretations of data privacy, as this enables
researchers to train a shared model over decentralized
servers while keeping data localized.*”*® It can be an
effective solution to these various interpretations of the
GDPR as keeping data localized mitigates data protection
concerns. Additionally, it can reduce costs and is scalable;
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however, issues with heterogeneity, data standardization,
and resource-intensiveness persist.””** Sharma and Guleria
recently provided a review of federated learning-based
models in health care.*®

Patient consent. Some studies lack explicit clauses on data
reusability or have geographical restrictions in patient
consent forms. For example, the Netherlands and Austria
were not included in the approved countries for data
sharing in UK patients’ consent forms before Brexit, as EU
law regulated data sharing. After Brexit, the UK adopted its
own GDPR, causing additional delays as medical ethics
boards had to approve data sharing. While we resolved
some issues, in other cases, the medical ethics board’s
decision and data protection officer’s advice led to data
exclusion, as patients needed to be re-consented for data
use, further prolonging the process.

Resource limitations. Contributing departments often face
resource constraints, both financial and in personnel, for
preparing data for research projects, partly hindering
timely progress. Some potential collaborators decided not
to participate due to these resource limitations. Addition-
ally, the high volume of contracts requiring review by legal
departments at research institutions further prolonged the
timeline between research agreements and data transfer.
This backlog of contracts highlights that many institutions
are under-equipped to handle the growing number of re-
guests to share data.

Providing financial compensation for data preparation and
legal reviews could streamline research and support data
accrual by funding dataset purchases or reimbursing prior data
collection. In hindsight, the BALANCE project was underfunded
for data acquisition, with no budget for reimbursing collabo-
rators. Additionally, obtaining funding for secondary data use
projects is challenging, despite initiatives like the EU Innovative
Medicines Initiative 2’s ‘Big Data for Better Outcomes’.”® We
urge funding agencies to increase support for secondary data
usage projects to allow data (preparation) reimbursement.
Paying hospitals/research centers, e.g. €10 000, to make data
accessible for secondary use will always be cheaper than
starting novel data collection for a big data project.

In addition to funding agencies, international research
organizations (e.g. EORTC) play a key role due to their
global reach and centralized structure. We urge these or-
ganizations to lead efforts in data sharing and provide
frameworks for acquisition for secondary use across
borders.

Data harmonization

The main challenge in harmonization was not merging the
data but dealing with the heterogeneity and missing values.
We believe that in every data pooling project, there is an
inverse relationship between data quality and volume. For
BALANCE, the focus was on a large sample size, so data
quality was traded off for volume while ensuring key out-
comes (e.g. QLQ-C30, BR23, and minimal clinical data) were
included.
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Heterogeneity in secondary data pooling arises from
varying data collection standards. The first level of hetero-
geneity stems from whether a variable is included in a
dataset, while the second level stems from the differences in
detail of the coding of variables. Both affect the analysis: the
first by having variables only present in certain datasets, and
the second leads to data loss due to standardization to the
lowest complexity. To address this, detailed variables were
retained alongside simpler ones, like binary event coding (e.
g. some datasets contained information about the type of
chemotherapy given, whereas others only had binary infor-
mation). Another challenge is missing data due to the first
level of heterogeneity, which cannot be imputed as these
variables do not exist in certain datasets.

Data heterogeneity has no simple solutions. To address these
challenges, the FAIR data principles (Findable, Accessible,
Interoperable, Reusable) should be applied.”* Common data
models like the OMOP model, which is an open community
data standard framework for the collection of data, ensure
interoperability and reusability of data. Additionally, a core
outcome set should be used to standardize data collection of
HRQoL in oncology, e.g. the International Consortium for
Health Outcomes Measurement (ICHOM) item sets.””>* While
core outcome sets and common data models may suffice for
trial data, RWD require additional tools for structuring and
sharing. The Fast Healthcare Interoperability Resources
framework can improve this for RWD by creating a seamless
electronic exchange of health care data using modern web
technologies.” Other solutions for tackling messy, non-
standardized RWD are natural language processing and large
language models, which can extract standardized data from
clinical notes from electronic health records>®

Limitations of our approach

All reported challenges are part of the limitations of this
article, affecting data collection and (possible) analysis. As
described, interpretation of applicable legislation and insuffi-
cient patient consent represent limitations, leading to missing
data due to restrictions on data access and usage. Both
constraints hindered our ability to gather comprehensive
datasets, particularly concerning detailed patient information.
Another limitation is the competition among numerous
projects seeking datasets, which can overwhelm potential
data contributors and slow down the sharing process.
Greater impact could be achieved through collaborative
efforts or equitable access to large, shared databases.

Conclusion and outlook

This article outlines the process of pooling and harmonizing
international HRQoL data from breast cancer patients,
culminating in the creation of one of the largest multicenter
breast cancer HRQoL databases to date. It demonstrates that
while pooling fragmented HRQoL data across international
sources is achievable, it involves overcoming significant
challenges, including data privacy regulations, resource
constraints, and data heterogeneity. In the next phase of the
EORTC BALANCE project, we will use this database for testing
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various prediction methods, including joint modeling and
landmarking. ML efforts will target both regression and
classification algorithms to predict multiple time horizons
and future questionnaire responses.

The lessons learned from these hurdles and the solutions
implemented provide a blueprint for future data pooling
projects, not only in HRQoL research but also for similar
projects involving other tumor types or diseases.
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