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Abstract

With the advent of the first generation of disease-modifying treatments for

Alzheimer’s disease, it is clearer now more than ever that the field needs to move

toward personalized medicine. Pooling data from past trials may help identify sub-

groups most likely to benefit from specific treatments and thus inform future trial

design. In this perspective, we report on our effort to pool data from past Alzheimer’s

disease trials to identify patients most likely to respond to different treatments. We

delineate challenges and hurdles, from our proof-of-principle study, for which we

requested access to trial datasets fromvariouspharmaceutical companies andencoun-

tered obstacles in the process of arranging data-sharing agreements through legal

departments. Six phase I–III trials from three sponsors provided access to their data

(total n= 3170), which included demographic information, vital signs, primary and sec-

ondary endpoints, and in a small subset, cerebrospinal fluid amyloid (n=165, 5.2%) and

tau (n = 212, 6.7%). Data could be analyzed only within specific data access platforms,

limiting potential harmonization with data provided through other platforms. Limited

overlap in terms of outcome measures, clinical and biological information hindered

analyses. Thus, while it is a commendable advancement that (some) trials now allow

researchers to study their data, we conclude that gaining access to past trial datasets is

Mark A. Dubbelman and EleonoraM. Vromen contributed equally and shared the first authorship.

This is an open access article under the terms of the Creative Commons Attribution-NonCommercial License, which permits use, distribution and reproduction in any

medium, provided the original work is properly cited and is not used for commercial purposes.

© 2024TheAuthor(s). Alzheimer’s &Dementia: Translational Research&Clinical Interventions published byWiley Periodicals LLC on behalf of Alzheimer’s Association.

Alzheimer’s Dement. 2024;10:e12485. wileyonlinelibrary.com/journal/trc2 1 of 9

https://doi.org/10.1002/trc2.12485

https://orcid.org/0000-0002-5708-4925
mailto:s.sikkes@amsterdamumc.nl
http://creativecommons.org/licenses/by-nc/4.0/
https://wileyonlinelibrary.com/journal/trc2
https://doi.org/10.1002/trc2.12485


2 of 9 DUBBELMAN ET AL.

complicated, frustrating the field’s communal effort to find the best treatments for the

right individuals.Weprovide a plea to promote harmonization and open access to data,

by urging trial sponsors and the academic research community alike to removebarriers

to data access and improve collaboration through practicing open science and harmo-

nizing outcome measures, to allow investigators to learn all there is to learn from past

failures and successes.

KEYWORDS

Alzheimer’s disease, amyloid, biomarkers, clinical trials, drug development, pharmaceutical
companies, tau

HIGHLIGHTS

∙ Poolingdata frompastAlzheimer’s disease clinical trialsmayhelp identify subgroups

most likely to benefit from specific treatments and may help inform future trial

design.

∙ Accessing past trial datasets is complicated, frustrating the field’s communal effort

to find the best treatments for the right individuals.

∙ Weurge trial sponsors and the academic research community to removedata access

barriers and improve collaboration throughpracticingopen scienceandharmonizing

outcomemeasures.

1 INTRODUCTION

Alzheimer’s disease is the most common cause of dementia,1 affecting

millions of people worldwide. As of 2023, over 180 clinical trials are

actively investigating more than 140 unique agents of which the vast

majority are disease-modifying.2 Recent trials have shown promising

effects on various pathophysiologic mechanisms.3–6 In addition, mon-

oclonal antibodies against amyloid-β are the first disease-modifying

treatments to have shown slowing of disease progression compared

to placebo in large phase III studies.5–7 With the recent approval by

the United States Food and Drug Administration for the US market of

aducanumab and lecanemab,8,9 and positive results of a recently con-

cluded phase III trial with donanemab,6 the Alzheimer’s disease field

has entered a new era.

Still, the first generation of disease-modifying treatments is by no

means a panacea. It is likely these treatments, which target one aspect

of Alzheimer’s disease (i.e., amyloid) and are characterized by limited

effect sizes and risk of side effects, will be followed by future gen-

erations of improved disease-modifying treatments targeting amyloid

(e.g., larger effect sizes, fewer and less serious side effects), as well as

treatments targeting other aspects of the disease, such as tau, synapse

pathology, or immune processes. Thus, the vital question is: who is

most likely to benefit from particular treatments? It has been well-

established that Alzheimer’s disease is a heterogeneous disease in

terms of biology,10,11 genetics,12 and clinical characteristics.13 When

a variety of patients are included in the same study and treated as a

single group, the irresponsiveness of certain subgroups of patientsmay

obfuscate beneficial effects of the same treatment in other subgroups.

Past trials that were negative or had only modest effects on their

own, may nonetheless still hold important information, particularly

when analyzed in combinationwith other available datasets. For exam-

ple, they canprovide insight into themechanismsunderlying treatment

efficacy, inform about optimal outcomemeasures when analyzing spe-

cific targets, and can identify subgroups of participants thatmight have

responded well to treatment. The benefits of pooled analysis across

intervention studies have been shown previously by others.14,15 By

increasing sample size and statistical power, pooling individual partic-

ipant data from multiple trials may allow us to uncover characteristics

conducive to responsiveness to a specific treatment, despite negative

trial results.

As a proof of principle, we endeavored to gain access to trial data

and then attempted to pool, harmonize, and analyze the data, to study

if participant characteristics could be identified that were related to

increased responsiveness to treatment. In this perspective paper, we

first report on different aspects of this effort, including the timeline

and methodological approach. Specifically, we describe the practical

hurdleswe encountered. Finally, wemake recommendations for future

research.

2 GAINING ACCESS TO TRIAL DATA

We reached out to contacts of seven trial sponsors that have worked

with Brain ResearchCenter inAmsterdam, TheNetherlands, to inquire
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Feb 2020 Dec 2021
Apr 2020 Jul 2020 Oct 2020 Jan 2021 Apr 2021 Jul 2021 Oct 2021

Aug 2020 - Apr 2021
Negotiating data requests

Feb 2020
Project start

Apr 2021 - Dec 2021
Awaiting data access

Dec 2021
Data access granted through Vivli

Jan 2022 Dec 2023
Apr 2022 Jul 2022 Oct 2022 Jan 2023 Apr 2023 Jul 2023 Oct 2023

Apr 2021 -
Dec 2021
Awaiting 

data 
access

December 2023
Paper submitted

Mar 2023
Data access expired

Apr 2021
DUA signed by Amsterdam UMC

Jan 2022 - Jan 2023
Original courtesy data access

Jan - Mar 2023
Access 

extension

DUA extended until June 2024 
for paper preparation and 

peer review

F IGURE 1 Data request timeline. Timeline to negotiate data access (shown in blue), including 8months of waiting for the other party to sign
the data use agreement. Initial courtesy data access was granted for 12months upon approval, with a 3-month extension approved later. DUA,
data use agreement; UMC, UniversityMedical Center

about possibilities for obtaining access to data from their completed

trials. Data requests were subsequently made through several plat-

forms (Vivli, Yoda, Clinical Study Data Request) and by contacting

researchers in the authors’ network directly. Per current legislation,

data use agreements between theparty sharing thedata (the platforms

furnishing trial data) and the party receiving the data (Amsterdam

UMC location VUmc) were a prerequisite for data access. Drafting

and signing data use agreements required extensive back-and-forth

between the legal departments of both parties over the course of

manymonths. Complicating factors in signing the data use agreements

included the applicability of United States versus Dutch law, liabil-

ity concerns, and a shortage of legal personnel and lack of priority to

process the agreements. In some cases, negotiations ended in stale-

mate, where the data use agreement was non-negotiable on the data

providers’ end, while the Dutch receiving academic organization could

not accept all terms in the default American documents. Figure 1 dis-

plays a timeline of this project; from themoment it started in February

of 2020until themoment of submission of this paper in late 2023. All in

all, it tookover 2 years to obtain access to some trial data,while for oth-

ers, the processwas never concluded (that is, no access gained). Access

was eventually granted to, and data provided from, six trial data sets

from three sponsors investigating three different compounds. Access

was granted to a trial dataset from one sponsor, but the data were

never provided on the Vivli platform. Further, access was not granted

to trials from two sponsors due to legal reasons, and we did not obtain

access to another four trials due to other reasons.

3 HARMONIZATION AND POOLING OF DATA

With access to several datasets, the next step was to investigate

whether it is feasible to run analyses on pooled datasets in which

the data from multiple trials were merged. Several platforms for trial

data sharing exist, including Vivli (https://vivli.org/), the Yale Uni-

versity Open Data Access (YODA) project (https://yoda.yale.edu/),

and ClinicalStudyDataRequest.com (https://clinicalstudydatarequest.

com/). Briefly, all platformshostdataon secure servers and researchers

can submit proposals to obtain data access. Access is granted through a

sealed desktop environment, that is, data are not downloaded directly

to the researcher’s device, but are available through the cloud. Data

may not be exported, although it is possible to export tables and

figures upon approval of the platform. For our study, data access was

granted through the Vivli platform; thus, only data that were pro-

visioned through the Vivli platform could be pooled for analysis. In

our case, four datasets were made available through the Vivli plat-

form directly, and two were transferred from the Yoda to the Vivli

platform. Theharmonizationprocess included findingoverlapping vari-

ables across datasets, restructuring datasets, and renaming variables

so they share the same names in preparation for merging datasets,

and aligning categories for categorical variables (such as race and eth-

nicity). To aid in this endeavor, anonymized study protocol documents

and data dictionaries, which served as references for harmonizing the

data, were also made available through Vivli. On a technical note, it

was difficult to use the search function on these documents that were

often hundreds of pages long, which meant all relevant variables and

coding needed to be located manually. Within each study, rather than

one dataset containing everything, separate datasets for each subset

of data (e.g., demographic information, vital signs, cognitive endpoints,

biomarkers, etc.) were provided.

The following trials granted access to their Individual patient data:

Boehringer Ingelheim (BI) trials 1289.5 and 1289.7, Eli Lilly and

Company (EL) trials LFAN and LFBC, and GlaxoSmithKline (GSK)

trials BA1106006 and BA113043. The BI trials investigated com-

pound BI409306, which is an inhibitor of phosphodiesterase 9A.16 The

GSK trials investigated compound GSK933776, which is a humanized

mouse IgG1 monoclonal antibody for the N-terminus of the amyloid

β peptide.17 The EL trials investigated compound LY450139, or sema-

gacestat, which is a γ-secretase inhibitor.18 Trials showed differences

https://vivli.org/
https://yoda.yale.edu/
https://clinicalstudydatarequest.com/
https://clinicalstudydatarequest.com/
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in study phase, type of compound, duration, and included popula-

tion. None of the included trials were successful in changing cognitive

functioning.

Table 1 displays descriptive information regarding study design of

all trials that allowed access to their data. Measures that were shared

across trials included participant age, sex, weight, height, and edu-

cation. Outcome measures overlapped in part, with four out of six

studies (the BI and EL trials) including repeated measures of the sum

of boxes (SB) of the Clinical Dementia Rating (CDR),19 and also repeat-

edly assessed the Alzheimer’s Disease Assessment Scale—Cognitive

(ADAS-Cog) subscale20 and the Alzheimer’s Disease Cooperative

Study—Activities of Daily Living (ADCS-ADL) instrument.21 All tri-

als included the Mini-Mental State Examination (MMSE).22 All trials

except the BI trials also reported apolipoprotein ε4 carriership.
Biomarker data from cerebrospinal fluid (CSF) were scarce, only

available for a subset of participants from the EL and GSK trials (n

= 212, 6.7%). These included baseline CSF concentrations of amy-

loid β1-42, amyloid β1-40, phosphorylated tau181 (p-tau), and total

tau (t-tau). It was difficult to harmonize these data because it was

not clearly stated in the study documentation made available what

assay was used to measure levels of amyloid and tau. As a result, we

were unable to determine whether different studies used the same

assays. Furthermore, no cutoffs to determine biomarker abnormality

were provided, which could have been an alternativeway to harmonize

fluid biomarker data. This hindered pooled analysis of cerebrospinal

fluid data of relevant Alzheimer’s disease-related proteins. Similarly,

data on hippocampal volume from brain magnetic resonance (MR)

imaging could not be jointly analyzed, because only a small subset of

participants in the EL trials underwentMR imaging.

3.1 Proof-of-principle analysis

As a proof-of-principle, we conducted causal forest analysis on a total

of 3170 participants included from six trials, of whom 1740 (54.9%)

were female. Causal Forest analysis is a machine learning technique

that can be used to find a minimal subset of patient characteristics

that is related to heterogeneity in outcomes.23,24 It can be used to

model treatment effects and is a flexible method that allows for mod-

elling higher order interactions, although it cannot model time, which

is a previously identified limitation of this analysis technique.25 As

outcome for each trial, we used the change in the score at baseline

subtracted from the score at the end-of-trial visit for: (i) MMSE, (ii)

CDR-SB, and (iii) ADAS-Cog. For MMSE, a negative change repre-

sents a decline in cognitive functioning, whereas a positive change on

ADAS-Cog and CDR-SB represents a decline in cognitive functioning.

Treatment group (placebo vs. compound) was included as an effect

modifier, while all shared patient characteristics, as well as treatment

duration and dosage, were entered in the analysis as predictors (an

overview of measures included is shown in Table 1). Causal Forests

were built with 1000 trees to estimate confidence intervals for the

predictions, using the total number of available baseline variables to

randomly sample at each split. The minimum node size was set to 10.

The random seed was set to the same specific number in all analy-

ses to facilitate reproducibility. Causal forest analyses were run both

on pooled trial data, and individual compounds. These analyses were

performedwithin the Vivli platform, using R version 4.1.1.26

Causal forest analyses on the pooled data across all trials, or on the

datawithin each single study, did not lead to the identificationof partic-

ipant characteristics that were related to heterogeneity in treatment

effects onMMSE (estimate for differential forest prediction on pooled

data = −2.58, SE = 1.46, p = .961), CDR (estimate on pooled data =
−4.83, SE = 1.69, p = .998), or ADAS-Cog (estimate on pooled data =
−1.86, SE = 1.28, p = .928). We did not find any evidence for charac-

teristics that might have promoted treatment effectiveness among the

data analyzed in this proof-of-principle study, which could be related

to the fact that all studies were negative trials. However, we cannot

conclude that such characteristics do not exist. Below, we will discuss

various current hurdles in the use of existing trial data thatmay, at least

in part, explain why the above analyses did not reveal evidence for any

subgroup of participants that may have respondedwell to treatment.

4 DISCUSSION

Completed clinical trial data sets,whether frompositiveornegative tri-

als, hold a wealth of information, from which the scientific community

can learn a lot.Given the complexity ofAlzheimer’s disease and thehet-

erogeneity among patients, we need to improve strategies for patient

stratification to work toward tailored treatment strategies and past

trials can help us improve future trial design, characterize subgroups

that might benefit from specific treatments, and identify theragnostic

biomarkers or determinants of treatment response. For a long time,

such trial datawere inaccessible for researchers, and it is commendable

that multiple companies have decided to share this valuable informa-

tion. In our effort to gain access to, combine, and jointly analyze data

fromprevious clinical trials investigatingdisease-modifying treatments

for Alzheimer’s disease, we identify and describe several hurdles and

make recommendations for future research.

4.1 Hurdles using existing trial data

In our attempt to gain access to and reanalyze existing data, we

encountered several hurdles,mostly involving factors before the actual

analysis could start. First, obtaining access to the data was a slow,

complicated process, mostly due to extensive reviewing of data use

agreements by legal departments on both the sending and receiving

ends and one of the obstacles was the applicability of Dutch versus

United States law. For us, it took 9 months to have the data use agree-

ments signed on the receiving end, and then waited 8 more months to

receive a signature from the sending party. This project was funded for

3 years, which means that funding received for almost half of that time

could not go toward the actual analysis of the data. Unless the data-

sharing process changes, funding agencies should adjust timelines for

these types of projects.
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Second, joint analysis of data was difficult to do because data were

distributed across different data-sharing platforms that cannot inter-

act, of which Vivli, Yoda, and ClinicalStudyDataRequest.com are a few

examples.Distributing data through independent channels reduces the

number of individual data use agreements that are required: rather

than setting up agreements with each trial separately, a single agree-

ment can be made with the data-sharing platform, covering multiple

trials at once. However, current practice limits the possibility to pool

data to just the datasets available within the same platform. This was

also the case for our proof-of-principle analyses, which were limited to

those data sets that were furnished through the Vivli platform. Unless

platforms have agreements that allow for cross-platform sharing, it is

not allowed to import or export individual patient data to or from the

platform, which makes it difficult to perform direct statistical compar-

isons. As a result, this practice might be counterproductive: instead of

making theprocess of data sharingmore effective andefficient, there is

a risk that the data-sharing platforms become too rigid in the way they

share data, while flexibility is key when innovation is sought.

Third, an important factor to consider when attempting to pool

and reanalyze existing trial data is heterogeneity in trial design, with

respect to the research question, study population, target, and drug

mechanism, among other aspects. While potential advantages of pool-

ing data from multiple completed trials include the possibility to

increase statistical power to detect subgroup differences, investigate

new hypotheses, and use the heterogeneity in study populations to

create a more representative sample, there are also potential dis-

advantages. For example, if differences between trials are too large,

statistical power may be reduced, and pooled analyses may lead to

inconclusive results.14,25 Ultimately, the researcher requesting trial

data should carefully consider which data to pool, depending on their

research question and aims, to avoid ending up with a patchwork

of datasets that do not form a cohesive collection that serves the

intended research. In our proof-of-principle study, the trials showed

large heterogeneity in study set-up, including differences in follow-up

durations, intervals between study visits, and assessments performed

at each visit. Moreover, the overlap of variables between the datasets

was quite limited. This is partly because we included trials from all

phases in the drug development pipeline, yet it reduces the number

of variables that may be included in any analyses. Demographic vari-

ables like age, sex, race and ethnicity, education, height, weight, and

vital signs like heart rate and blood pressure were the only variables

shared across all datasets. Cognitive and functional measures used

as endpoints included some of the same instruments, like the com-

monly used CDR, but did not always overlap. Furthermore, biomarker

data like amyloid and tau levels in cerebrospinal fluid could not be

pooled, because based on the information provided in the platform

it was not evident what assays were used in the studies. Also, these

wereonlymeasured in a limitednumber of participants, and the sample

was too small to use data-driven approaches to determine cut-points.

When additional biomarker measurements, such as proteomics, would

be available within the trial datasets, they are not immediately made

available for use.While there is awealth of data available frompast tri-

als, differences in study design and data collected make it difficult to

pool data. These factors may have contributed to the negative results

of our proof-of-principle analyses. It is also possible that there either

was no heterogeneity in treatment effects to be found in these neg-

ative trials, or that the sample size was still too small to detect such

effects. We should also note that the trials included in our proof-of-

principle analyses ran between 2008 and 2017, when the knowledge

of Alzheimer’s disease mechanisms was not as advanced as it is today.

Considering the large number of drugs currently under investigation,2

many ofwhich share the same drugmechanism (i.e., anti-amyloid treat-

ments) and have included similar study populations, we expect that

some of these aspects of heterogeneity that hampered our data anal-

ysis will be less of a problem in future research pooling data frommore

recently concluded trials.

Last, and perhaps most importantly, individuals who participate in

clinical trials do so first and foremost to benefit future generations and

to advance the field.27 The data they contribute to the trials, whether

in the active or in the placebo group, and whether the outcome of the

trial is positive or negative, should be used tomove forward our search

for a cure for Alzheimer’s disease. Thus, trial sponsors have a moral

obligation to maximize the use of the data they collect in their trials.

Restricting access to thesedatanotonlyposes the riskof thedatagoing

towaste, especially in the faceof anegative trial, but it alsoperpetuates

a systemwhere only a select fewmay contribute to the questions being

investigated.

4.2 Recommendations

We have several recommendations that may help overcome the hur-

dles described above. First, the administrative hassle to gain access

to data should be minimized. Academic researchers are increasingly

often encouraged to share their data with the community to promote

transparent science by funding agencies like the National Institutes of

Health,28 yet trial sponsors lag behindwhen it comes to fostering open

science. One solution would be that pharmaceutical companies make

their individual patient data available as soon as trials have closed and

results have been published, under themost liberal conditions feasible.

This could help avoid unnecessary administrative delays. Furnishing

open access to individual patient data will require companies to build

new data-sharing infrastructures if they do not already have such plat-

forms set up, and this might incur additional expenses that might not

yield a direct return on investment. However, by collaborating with

existing data platforms and initiatives, such as the Alzheimer’s Disease

Data Initiative workbench (https://www.alzheimersdata.org/) in which

various trial sponsors already participate, expenses may be reduced.

Moreover, data sharing between stakeholders has been identified as a

conduit for advancing the development of medical products, including

therapeutic drugs.29 If pooled trial data analyses reveal patient sub-

groups where a certain treatment is (more) effective, it is possible that

drugs from a previously negative trial might still be marketed for the

treatment of Alzheimer’s disease in specific subgroups of patients.

Second, rather than only allowing researchers to access data within

a sealed-off platform, trial sponsors should follow the example set

http://ClinicalStudyDataRequest.com
https://www.alzheimersdata.org/
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by the Anti-Amyloid Treatment in Asymptomatic Alzheimer’s (A4)

study.30 TheA4study is anexampleof apublic-privatepartnership clin-

ical trial that allows open access to their baseline data to any qualified

researcher who, once approved, may download the data from a server

and analyze them on their computer systems. Dozens of publications

have already resulted from the baseline data and the full A4 trial data

are expected to be released to the public in the near future. Following

the A4 study’s example, clinical trials could allow researchers to down-

load data in accessible formats (e.g., comma-separated value files) onto

their devices to analyze using the software of their choosing, rather

than providing data access within a sealed-off platform. Naturally, the

proper consent for data sharing should be obtained from participants

prior to their enrollment, and the data should be properly deidenti-

fied to ensure that the privacy of the participant is maintained. Other

examples of open data-sharing initiatives are the aforementioned

Alzheimer’s Disease Data Initiative workbench and the Critical Path

of Alzheimer’s Disease (https://c-path.org/program/critical-path-for-

alzheimers-disease/). This latter initiative currently provides individual

patient data from different trials, including demographic characteris-

tics and cognitive test scores (e.g., MMSE). However, data regarding

the treatment arm and AD biomarkers are still limited. Furthermore,

this platform does not (yet) provide details regarding individual trials

such as drug names and study protocols, because of which it is not yet

fit for the purpose of finding heterogeneity in treatment effects. Still,

it serves as an admirable example of how individual patient data from

different trail datasets canbe combined.31 Asanalternative to allowing

researchers to download data from a server to their research environ-

ments, sponsors, and pharmaceutical companies should collaborate to

make their individual patient data available on either a single, or on all

data sharing platforms.

Third, some of the limitations for jointly analyzing data across tri-

als are created when a study is designed. Regarding study design, two

points need to be addressed here: (i) routine assessment ofAlzheimer’s

disease biomarkers in cerebrospinal fluid, plasma, or on positron emis-

sion tomography imaging should be the standard for any trial in any

of the phases; (ii) inclusion of a core outcome set. First, collecting

biomarker data in a standardizedmanner and including assays ofmark-

ers that might not be directly relevant to the treatment target can help

ensure that heterogeneity in participants’ biological characteristics can

be adequately analyzed across trials. Second, while we acknowledge

the importance of trials retaining their unique study designs to align

with a compound, study phase, and trial population-specific needs,32

employing a uniform core set of well-validated outcome measures will

be the key to assessing treatment efficacy across trials. This core out-

come set33 would allow analyses across multiple trials. Importantly,

trial-specific measures should supplement a core outcome set and

should be tailored to the sample (e.g., adequate for participants’ age

and disease stages), trial duration, and target treatment. As an exam-

ple, the Alzheimer’s Disease Neuroimaging Initiative (ADNI) collects

both biomarker and clinical data in a harmonized manner, allowing for

the joint analysis of data from many patients across numerous sites in

the United States.34 ADNI has helped answer many questions in the

Alzheimer’s disease field and proves that the power is in the numbers.

Further, to detect clinically meaningful changes, a critical revisit of the

clinical outcome measures is warranted32,35: it may be time to retire

legacy instruments that are insensitive to cognitive changes over rela-

tively short amounts of time, particularly in very early disease stages.

Together, this will allow future trial data to be pooled more easily and

may pave the way for moremeaningful cross-trial analyses.

Last,while pharmaceutical companies canaidby standardizing some

aspects of their study design and by making data more easily acces-

sible, it will be the scientific community’s responsibility to use the full

potential of trial data by carefully considering (a) what scientific ques-

tions they intend to answer using trial data, and (b) what statistical

methods to use when attempting to analyze and/or pool these data.

For example, while pooling individual patient data across trials may be

preferable to a meta-analysis when studying heterogeneity, the latter

might serve well for other research questions, is less expensive and

less time-consuming, and does not require pharmaceutical companies

to provide individual patient data.15 On the other hand, with individ-

ual patient data, statistical methods to investigate heterogeneity in

treatment effects can be considered.

4.3 Future perspective

We envision a future in which open science is the norm, for both

academia and trialists, open access data are provided on request, and

all trials include a core outcome set and routinelymeasure Alzheimer’s

disease biomarkers, while also incorporating unique trial features. This

would facilitate comparisons between trials and could perhaps aid in

identifying factors in the patient population that contribute to het-

erogeneity. We may only reach the finish line when data is openly

accessible to all, regardless of their affiliation, funding, or background.

5 CONCLUSION

In ourproof-of-principle study,wedidnot succeed tomeaningfully pool

data fromAlzheimer’s disease clinical trials. Although it seemed, in the-

ory, that quite a few datasets should be readily accessible, it turned out

that we were too optimistic about the current state of the field. We

thus conclude that, under the current circumstances, theoutcomedoes

not outweigh the effort. Nonetheless, joining efforts and pooling data

to increase the pace atwhichwe, as a scientific community, learn about

this devastating disease is the future. We therefore plea for open sci-

ence, not just for observational studies, but also for pharmacological

trials. We advocate for removing the barriers that hinder data shar-

ing and for making trial data more easily and openly accessible, so the

research field may learn from past failures and successes. That way,

we can ultimatelywork toward personalized treatment forAlzheimer’s

disease.
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