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Executive Summary

In the cellular-imaging use case reported by the Onedata4Sci authors in 2023, individual datasets could range
from a few megabytes to several terabytes (Onedata4Sci). Yet despite this flood of information, many biotech
teams find their own data essentially “lost” in silos of spreadsheets, lab notebooks, emails, and legacy
databases. Critical experimental details and results remain hidden or forgotten, hampering reproducibility,
delaying development, and squandering investment. Leaders across pharmaceutical and biotech sectors
confirm that the real bottleneck in innovation today is integration — not lack of discoveries
(www.techradar.com).

This report presents a comprehensive analysis of the root causes behind biotech teams’ inability to locate and
reuse their own data, and outlines what needs to be built to fix it. We trace the historical context of lab data
management, document the current landscape (including technical, organizational, and regulatory barriers),
and quantify the cost of “data darkness” with examples and research findings. The examples include a
genomic data commons initiative in Vancouver and a hypothetical knowledge-transfer planning exercise. We
then examine a range of possible solutions, from basic data governance (adopting FAIR standards) to
advanced informatics (enterprise search, knowledge graphs, Al) and new infrastructure (integrated data lakes,
federated repositories). Each proposal is evaluated in depth, with pros and cons and evidence from real
implementations.

Our key findings include: biotech data is highly fragmented across incompatible formats (LIMS, ELN,
spreadsheets, instrument outputs, etc.) (www.labmanager.com) (www.sinequa.com), with poor metadata and
standards leading to opaque repositories and wasted context (www.labmanager.com) (www.nature.com).
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Cultural factors—such as siloed teams, short-term project mindsets, and turnover of scientific staff—
exacerbate the problem (www.labmanager.com) (genemod.net). Life-science data management remains a
technical challenge (Onedata4Sci). Meantime, emergent Al drug-discovery tools are starved for large, clean
datasets; experts convened by the U.S. government note the lack of “accessible databases” of high-quality,
standardized life-science data needed to train next-generation models (www.axios.com).

The implications are profound: delays in drug development, increased costs, and missed scientific insights.
Regulators are also demanding full traceability and data context, transforming this from an R&D nuisance into
a compliance mandate.

To address these challenges, biotech organizations should “fix the plumbing” of their data infrastructure as a
priority. This means building unified data platforms and search capabilities that span the entire R&D pipeline.
Key elements include: centralized data repositories or federated data-lakes that ingest instrument outputs,
ELN entries, and clinical/trial data; uniform metadata schemas and identifiers so every experiment can be
gueried; powerful indexing and search engines (akin to an enterprise Google) that can retrieve relevant
data across systems; and governance processes or Al agents to capture context and enforce standards at
the time of data creation. We evaluate each approach (from deploying next-generation Lab Information
Management Systems to constructing knowledge-graph layers) and illustrate how they help overcome specific
pain points.

In conclusion, biotech teams’ inability to find their own data is a solvable but urgent problem. This report
provides the deep analysis and evidence needed for stakeholders — from lab managers to CTOs — to
understand the scope of the issue and make informed decisions about investing in new data architectures and
tools. We show that by treating data as a strategic asset (rather than an afterthought), companies can
dramatically shorten R&D cycles and increase productivity. As one expert notes, the next wave of
breakthroughs in biotech will come not just from generating more data, but from making that data findable,
usable, and connected (www.techradar.com) (www.nature.com).

Introduction

The Data Explosion in Biotech

Modern biotechnology operates in an era of big data. Advanced instruments and high-throughput techniques
(next-generation DNA sequencers, mass spectrometers, high-content imagers, microfluidic screens, etc.)
produce data on a scale unimaginable a generation ago. For perspective, sequencing a single human
genome today yields roughly 200 gigabytes of raw data (www.techradar.com). Proteomic, transcriptomic,
and single-cell assays add further terabytes. Digital imaging (from microscopy to digital pathology) commonly
generates gigabytes per image. Meanwhile, clinical trials and patient records contribute massive electronic
health datasets, and lab operations (bioreactor logs, sample inventories, quality-control records) are often
digitized as well. Industry sources note that biotech R&D now generates “tens of terabytes of data every single
day” per large company (www.scilife.io). Life-science experimental methods generate large and growing
volumes of data (Onedata4Sci).
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This scale has profound implications. Big data promises more reliable discovery and the ability to train
sophisticated Al models (e.qg., protein-folding prediction, drug-screening algorithms, precision medicine
analytics). However, turning raw data into insight requires effective data stewardship. Unlike simple consumer
data, scientific data are heterogeneous and complex: structured tables (e.g. assay results), semi-structured
logs (instrument outputs, batch records) and unstructured records (handwritten notes, lab notebooks, PDF
reports) coexist. Each dataset has context — reagents used, instrument settings, sample provenance — that
must be retained to interpret the results. The “five V's” of big data — volume, velocity, variety, veracity, and
value — apply strongly in biotech. Indeed, a leading tech journal advertises that in life sciences "the bottleneck
in healthcare innovation... is integration” of data (www.techradar.com), not discovery.

Background: From LIMS to Lab Notebooks to the Digital Thread

Historically, biologists kept experiment records in paper notebooks and spreadsheets. The 1990s and 2000s
saw the introduction of Laboratory Information Management Systems (LIMS) and Electronic Lab
Notebooks (ELN), attempting to digitize workflows. These systems promised better organization: barcoded
samples, digital protocols, and centralized databases for metadata. But early LIMS were often rigid or siloed
(designed for specific assays) and expensive. Many smaller labs never fully adopted them, treating them as
mere sample registries while continuing to record data in disparate tools. Thus, while some “digital thread”
began to form, it was far from complete.

The last decade accelerated data pressures with cost drops in sequencing and imaging. Meanwhile,
expectations changed: biotech companies now aspire to apply machine learning to their data, requiring clean,
annotated, and accessible datasets. Governments and funding agencies (e.g. the U.S. NIH’s Bridge2Al
initiative) emphasize data readiness as a prerequisite for modern R&D. For instance, NIH encourages data
management and sharing consistent with FAIR — Findable, Accessible, Interoperable, and Reusable —
principles (NIH guidance) (www.nature.com). Yet despite high-level mandates, many organizations still
struggle with basic data hygiene (consistent labels, audit trails, centralized storage).

Even at large biopharma companies, catalogs of legacy data often remain in disjointed servers or outdated
databases. Academic labs may rely on ad-hoc file sharing and “data wrangling” scripts. The Onedata4Sci
authors describe challenges in adapting generic data-management systems to specific life-science use cases
(Onedata4Sci). The upshot is that discoveries stall not for lack of data, but for lack of access to the data
we have.

This report explores why biotechnology teams routinely cannot find their own data, and how to build systems
that solve the underlying problems. We begin by dissecting the multiple facets of the challenge: technical,

organizational, and cultural. We then present evidence from literature and case examples, and finally analyze
solutions — from best practices to innovative architectures — culminating in recommendations for the future.

Challenges in Biotech Data Management

Biotech R&D teams face an array of interrelated obstacles that together make data “invisible” or unusable.
These can be grouped into (A) data heterogeneity and silos, (B) insufficient data standards and
metadata, (C) organizational and cultural factors, and (D) technical infrastructure limitations. Each is
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discussed below with examples and evidence.

A. Data Heterogeneity and Silos

Fragmented Storage: In practice, data in biotech are scattered across too many unconnected systems.
Scientists often use standard office tools (Excel, PowerPoint, Dropbox) alongside specialized platforms (LIMS,
ELN, CDMS, CCDS). Each department or site may adopt its own conventions. A Lab Manager editorial notes
that one group might store data in spreadsheets and local drives, while another uses a commercial database —
with no single interface between them (www.labmanager.com). The result is “information overload” with no
easy search. For example, one drug-company process engineer might leave a crucial Excel file on a shared
drive under a cryptic folder name, while a QA lab writes results in scanned PDFs.

Lack of Central Index: Without a unified index, finding data is largely a manual or person-dependent task.
Sinequa (an enterprise search vendor) describes life-sciences companies as having “data repositories as vast
as the ocean” (www.sinequa.com), yet the pieces are fragmented. Research notes, lab reports, instrument
outputs, clinical trial records, and even unstructured content (emails, PDFs, recorded interviews) can all hide
critical information (www.sinequa.com). When datasets live on different servers or even personal computers,
only partial records are accessible to others. Studies confirm that biomedical labs “still rely on ad hoc methods
and inconsistent data standards”, making cross-experiment analysis arduous (www.scilife.io).

Instrument Data Lock-in: Modern lab instruments generate their own data files, often in proprietary or poorly
documented formats. These data frequently sit on instrument PCs or local servers with limited connectivity. For
example, cryo-EM machines, chromatographs, and sequencers often write raw data to local disks. If the
instrument software doesn’t support network destinations or installation of data-management agents, those
files remain inaccessible to enterprise systems. A technical report on a life-science data solution
(Onedata4Sci) highlights exactly this point: they found that instruments often require local storage for reliability,
S0 integrating their outputs needs special workarounds (mounting storage to a Oneprovider) (arxiv.org). In
practice, many labs simply ftp or manually copy files out of instrument drives, a process that can disrupt
metadata linkage or even lose files.

Collaborator and Outsourcer Silos: Smaller biotech firms frequently outsource R&D or manufacturing to
Contract Research/Manufacturing Organizations (CROs/CDMOs). While necessary, this adds a layer of
fragmentation: the sponsor may never integrate the CRO’s raw data into its own systems. As the Lab Manager
piece observes, a firm working through a CDMO may lose visibility into process data and know-how, because
the CRO'’s data stay on separate networks (www.labmanager.com). The sponsoring company bears
compliance responsibility, yet if they cannot readily query the CRO’s data (e.g. via integrated dashboards), this
gap becomes a strategic risk. Thus, even within a single product team, pieces of the data story (outsourced
development data, clinical trial outcomes, quality QC metrics) can end up siloed in different organizations.

Case Study - Data Commons Integration: One striking counter-example is the OVCARE (Gynecological
Cancer Research Program) in Vancouver. OVCARE's situation was typical: clinical data in hospital record
systems, research data in lab spreadsheets, and biobank samples tracked separately. Researchers reported
vast amounts of data languishing in silos. As detailed in their 2021 report, OVCARE tackled this by creating an
integrated data commons — a unified platform linking clinical, genomic, and biospecimen data. They
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emphasize that through “shared policies and technologies” and flexible open architectures, a “seamless data
environment for clinical and research data can be achieved” (pmc.ncbi.nim.nih.gov). Ultimately, OVCARE’s
success shows that dispersed data can be brought together, but only with deliberate, system-wide effort.

<table> <thead> <tr><th>Key Challenges</th><th>lllustration and Consequences</th>
<th>Evidence/Example</th></tr> </thead> <tr> <td><strong>Data Fragmentation and Silos</strong></td>
<td>Data scattered across multiple systems (spreadsheets, LIMS, emails, instruments). No single way to
search. Results in duplicate efforts and missed connections.</td> <td>Lab Manager: “Data are scattered
across Excel, CRMs, LIMS, and even scanned handwritten protocols... when stored inconsistently, retrieval
becomes slow” (www.labmanager.com).</td> </tr> <tr> <td><strong>Poor Metadata & Standards</strong>
</td> <td>Experiments lack rigorous metadata; naming schemes vary by scientist. Without context (sample
IDs, units, reagent lot), data become ambiguous and hard to combine.</td> <td>Adoption of FAIR/metadata is
low. Nature Biotech: start-ups “should ensure data are findable and accessible in a central repository...
described with rich metadata” (www.nature.com), implying this often isn’t the case yet.</td> </tr> <tr> <td>
<strong>Legacy Workflows</strong></td> <td>Many labs still use basic tools (paper notes, Excel) by habit.
Newer IT tools are seen as cumbersome.</td> <td>BMI study (2007): many researchers “continue to use
basic general-purpose applications for core data management” (pmc.nchi.nim.nih.gov). Too little institutional
support for modern tools.</td> </tr> <tr> <td><strong>Cultural/Organizational Factors</strong></td> <td>"Silo
mentality” between departments and priorities. Short-term focus on individual projects. High turnover leads to
loss of tacit knowledge.</td> <td>Lab Manager: fragmented records and missing metadata “create stress
during audits.” </td> </tr> </table>

B. Insufficient Metadata and Standards

Even when data are stored electronically, they often lack the standardized annotations that make them
findable. Unlike well-curated public datasets, in-house lab data may not tag experiments with consistent
ontology terms or identifiers. For example, one bioreactor run might be labelled “Run#123” in one database
and “2024-07-16Proverestrict” in another, with no unifying key. NIH’s FAIR guidance calls for clear usage
licenses, detailed provenance information, and field- or community-specific data standards to support reuse
(NIH FAIR guidance). Without such metadata, even simple queries (e.g. “find all experiments with strain X
under condition Y”) can fail because key descriptors are absent or buried in free-text notes.

Lack of Standards: Beyond internal inconsistencies, the biotech field has a proliferation of formats and
terminologies. Clinical labs use standards like HL7 or DICOM, while genomics has FASTQ/VCF, and a new
gene-editing test might spit out an entirely proprietary JSON. Integrating across domains is tough without
common vocabularies. A correspondence in Nature Biotechnology specifically calls out FAIR data practices —
findability and rich metadata — as a way to avoid exactly this problem (www.nature.com). The authors stress
that data should even be stored “in a central repository” with good metadata tags, a prescription implying that
many datasets currently aren’t. In practice, the absence of firms-wide data taxonomies means similar
measurements get treated as different resources.

Consequences: Document the rationale for protocol adjustments and quality-control decisions alongside the
experimental records. Specify the parameter changed, its previous and new values, and the reason for the
change so that colleagues can interpret the record without relying on a private explanation.
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C. Organizational and Cultural Barriers

Beyond technical issues, people and processes play a big role. Biotech R&D is often organized by projects
or disease areas, not data domains. This can lead to siloed behavior: each team builds bespoke data
practices without sharing. For example, one department might use a cloud LIMS, another Excel and local
servers, and no one enforces a common approach. Lab Manager highlights a “cultural gap”: biotech has
historically been less “data-native” than industries like finance or automotive, so collaboration between
scientists and data professionals has lagged (www.labmanager.com). Data scientists are often brought in late
or not at all, and researchers continue to duplicate analysis and preparation work.

Another issue is short-termism. Teams under deadline will collect just the data needed for the current
experiment or regulatory filing, without thinking ahead to secondary uses. The Lab Manager article notes that
many companies gather information only to satisfy immediate needs (e.g. one regulatory batch record)
“without asking how the same information might serve future purposes.” Years later, this can backfire when
additional context is needed but was never captured. For example, if later-stage studies require comparability
across batches, but early process data were recorded inconsistently, retrospectively combining them is
extremely difficult (www.labmanager.com).

Knowledge Transfer Risk: Plan staff handovers before a departure. Require detailed digital logs, cross-
training, version-controlled protocols and consistent metadata entry. Include the rationale for protocol changes
and quality-control decisions in the shared record, and review open questions with the incoming owner.

D. Technical Infrastructure Limitations

Finally, there are gaps in the IT infrastructure supporting biotech data. Many legacy systems date from before
the era of big cloud computing. Researchers report difficulties even storing and transferring data: LIMS
systems designed for earlier data volumes struggle with multi-gigabyte files from modern sequencers
(arxiv.org). On-premises servers may lack the throughput or capacity, while naively moving everything to the
cloud raises costs and regulatory compliance concerns. The TechRadar analysis notes that traditional on-
premise IT “struggle to keep up” with the volume and velocity of modern life-science data
(www.techradar.com), and that elastic cloud platforms are only now becoming common.

Search and Analytics Deficiencies: Even when data reside somewhere digital, many organizations lack
adequate analytical platforms to query them. Traditional relational databases may hold structured tables, but
cannot easily index bulky raw files or free text. Some labs build custom dashboards, but these typically focus
on real-time metrics, not ad-hoc data discovery. This gap means a researcher often must “know and navigate”
dozens of applications to locate data. NIH's FAIR guidance makes findability for both humans and computers
an explicit goal (NIH FAIR guidance). In other words, the tooling to discover connections in the data (search
engines, semantic layers, visualization portals) is not yet ubiquitous in R&D settings.

Regulatory and Security Drag: FDA guidance scopes Part 11 to covered electronic records and signatures;
records required under predicate rules fall within scope when electronic records replace paper records (FDA
guidance). Before building or migrating a platform, identify the applicable regulated activities and records.
Assess privacy and security obligations separately for the intended data use.
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Taken together, these challenges create a vicious cycle. Data are produced faster than they can be organized.
Without immediate ROI, personnel focus remains on day-to-day tasks. Cumulatively, large volumes of valuable
information, scattered and under-documented, sit waiting — unseen and unused — until some urgent need or
crisis forces teams to dredge them up.

Consequences of Inaccessible Data

When biotech teams cannot find their own data, the impacts are severe and wide-ranging:

» Wasted Effort and Delays: Adapting generic data-management systems to specific life-science use
cases poses challenges for researchers (Onedata4Sci). For example, before even analyzing results, lab
technicians frequently must track down where the raw data is stored, convert file formats, align naming
conventions, or manually merge spreadsheets from different runs. In a competitive drug discovery
environment, every day shaved off data retrieval can accelerate hitting critical milestones.

« Irreproducibility and Compliance Risks: Preserve the metadata needed to interpret and repeat an
experiment, including reagent lots, instrument settings, calibration records and protocol versions. Assess
the applicable recordkeeping requirements for the regulated activity, and document protocol changes
and their rationale.

« Suboptimal Decision-Making: Executives and program managers need reliable metrics (yield rates,
variability, trial enrollment statistics, etc.) to make strategic decisions. Fragmented data means they may
not have a single source of truth, leading to seat-of-pants judgments. The Lab Manager authors point
out that without consolidated data, leaders “cannot rely on consistent metrics” for decisions
(www.labmanager.com). This can manifest as wrong resource allocation (e.g. over-investing in a
pipeline with unseen failures) or missed opportunities (a promising finding overlooked because the data
was hiding). Moreover, lack of data visibility impairs cross-team collaboration: chemists, biologists,
process engineers, and clinicians each have parts of the puzzle, but incomplete sharing limits synergies.

e Crippled Al and Analytics: Cutting-edge analytics and machine learning are only as good as the data
fed into them. The Axios summit reported that massive, high-quality standardized datasets are
required to train modern Al models, yet “there aren’t many accessible databases” of life-science data
(www.axios.com). In other words, biotech firms sit on siloed data fountains but can’t tap them to fuel Al
discovery. NIH seeks to make its biomedical data usable with Al and machine-learning applications
(NIH). If hidden datasets remain locked, Al initiatives may underperform or bias slip in, reducing ROI on
those projects.

« Financial Impact: The tangible cost of poor data management is high. Duplication of experiments
wastes reagents and lab time; re-analysis of claims in absence of raw data can void patents or delay
filings. IQVIA Technologies describes healthcare data as affecting discovery, clinical development and
commercialization strategy (IQVIA Technologies). For budgeting, assess data-management spending
against defined research and operational goals rather than treating an industry spending estimate as a
measure of waste.
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Analysis of Root Causes

Published research has examined the data-management needs of academic biomedical researchers (2007
study). The following factors merit consideration when planning improvements:

« Lack of Data Culture and Expertise: Science curricula historically do not emphasize data
management. Many researchers have little formal training in IT or data science. As a result, they default
to discipline-centric habits (paper notes, spreadsheets) without appreciating the value of robust data
handling. When IT or informatics personnel are brought in, their recommendations (metadata schemas,
database designs) may be met with indifference. The Research & Development World notes that labs
typically leave data management to the scientists themselves, meaning “institutional memory” is poor
(pmc.nchi.nlm.nih.gov). Without champions within teams, best practices fail to become standard.

« Financial and Priority Constraints: Upfront investment in new systems (LIMS upgrades, cloud
storage, index software) can seem unjustified when bench science is already underfunded. Smaller
startups in particular often prioritize resource generation over data hygiene. There is evidence that many
labs, to cut costs, will delete or compress old data — further undermining findability. Only when a
problem becomes acute (for instance, during an audit or a key hire leaving) do leaders allocate budget.
By then, much damage is done. The 2007 JAMIA study reported that the most common barrier to
acquiring data tools was cost and lack of institutional support (pmc.ncbi.nim.nih.gov).

« Software Limitations: Many life-science IT systems were not built for modern use cases. Legacy LIMS
might only track sample IDs and results, not full protocol steps. ELNs used to be simple word
processors lacking structured queries. Integration between systems is often an afterthought. For
example, exporting data out of a chromatography LIMS into a general database requires custom coding.
These integration projects can be very expensive, so companies often stagnate on older versions of
software. Only gradually (via SaaS platforms like Benchling, Dotmatics, etc.) are more unified solutions
emerging, but adoption is still uneven.

* Regulatory Complexity: FDA recommends basing computerized-system validation on a justified,
documented risk assessment that considers potential effects on product quality, safety and record
integrity (FDA guidance). Assess proposed system changes against the applicable predicate rules and
record uses, rather than assuming that every change requires the same validation work. Evaluate
patient-data access and sharing separately for the intended use.

« Rapid Technological Change: Lastly, the technology landscape evolves faster than most labs can
react. By the time a new platform is procured and validated, a newer one may already appear. Teams
may thus stick with “good enough” legacy methods, fearing obsolescence of any new investment. This
lag hinders IT roadmaps and institutional data planning.

Understanding these root causes sets the stage for solutions. In the sections that follow, we examine what to
build — that is, how to architect systems, processes, and culture so that lab data become easily findable and
reusable. Each proposed solution directly targets one or more of the challenges above (as summarized in
Table 2).
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<table> <thead> <tr><th>Solution Approach</th><th>Description and Benefits</th></tr> </thead> <tr> <td>
<strong>Unified Data Repositories</strong></td> <td>Deploy centralized or federated data lakes/warehouses
that ingest experimental, clinical, and operational data. Use common data schemas or ontologies so disparate
data are organized uniformly.

Benefit: Establishes a single “source” to query cross-experiment data, eliminating silos. Enables linking of
related records (e.g. matching a sample ID across studies). Improves backup and security. </td> </tr> <tr>
<td><strong>Metadata Catalogs and Indexing</strong></td> <td>Implement an enterprise data catalog: at
data collection time, require each dataset to include standardized metadata (controlled vocabularies, sample
IDs, protocaols, etc.). Index these metadata in a search system (Elasticsearch or graph database).

Benefit: Researchers gain a Google-like search interface over all lab records. Even unstructured notes
become queryable via their metadata. Facilitates data discovery and avoids duplicate experiments. </td> </tr>
<tr> <td><strong>Enterprise Search / Semantic Search</strong></td> <td>Integrate a search platform that
crawls across multiple data sources (file servers, LIMS, ELN, e-mail archives, public databases) and uses
NLP/ML to unify concepts. Provide role-based access so only authorized users see sensitive content.

Benefit: Makes knowledge locked in documents or logs accessible. Sinequa and similar solutions promise a
“360-degree view” of information (www.sinequa.com). This breaks down departmental barriers: any user can
find relevant lab protocols, ER documents, or research articles from one interface. </td> </tr> <tr> <td>
<strong>Enhanced LIMS/ELN Platforms</strong></td> <td>Modernize lab systems to support real-time data
capture and integration. Choose LIMS/ELN solutions with open APIs and rich search features. Configure them
to enforce metadata standards and link lab notebooks directly to instrument data and sample tracking.

Benefit: Tight integration reduces manual transfer of data. It ensures that experiment context (SOPs,
parameters, results) is captured in one system. This lessens dependency on separate spreadsheets and
personal notes. </td> </tr> <tr> <td><strong>Knowledge Graphs and Ontologies</strong></td> <td>Build a
semantic layer (graph database) that connects key entities: molecules, genes, samples, patients, experiments,
vendors, etc. Use public ontologies (Gene Ontology, SNOMED, etc.) to align terminology across teams.

Benefit: Captures relationships between data that would otherwise be invisible. A query like “show me all
compounds tested in projects involving gene X" becomes possible. Supports advanced reasoning and Al on
linked data. </td> </tr> <tr> <td><strong>Data Governance & FAIRIfication</strong></td> <td>Adopt FAIR
data principles enterprise-wide. Create data stewardship roles (data stewards) to enforce standards, annotate
datasets, and manage access policies. Develop workflows so that from day one, new data are catalogued with
required metadata fields.

Benefit: Ensures long-term findability and reuse. Codifies best practices so that knowledge doesn’t rely on
individual memory. As experts argue, treating data as an “asset” and planning for future data needs (e.g.
sustainability metrics) yields efficiency gains (www.labmanager.com) (www.nature.com). </td> </tr> <tr> <td>
<strong>Al-Assisted Data Curation</strong></td> <td>Apply machine learning and NLP tools to suggest
metadata tags (entity extraction from notes), cluster similar datasets, or detect duplicates. Use Al to “annotate
as you go” — for example, nuclear labeling workflows that auto-fill sample identifiers or capture experimental
parameters from instrument logs.
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Benefit: Reduces the manual effort to curate data. Helps in cleaning messy historical data (e.g. reconciling old
formats). Though Al is not a panacea, it can augment human efforts and begin to transcend inconsistent
formats. </td> </tr> </table>

Data Analysis and Evidence

The following examples bring together recommendations, vendor perspectives and implementation reports:

« Adopting FAIR and Standards: A correspondence in Nature Biotechnology presents FAIR practices as
a potential source of efficiency gains across the research and development pipeline (Nature
Biotechnology). We recommend considering centralized repositories and metadata catalogs when
planning implementation.

« Search Over Fragmented Data: Sinequa attributes poor access to knowledge distributed across
disconnected systems and formats that resist unified retrieval (Sinequa). This is a vendor’s rationale for
integration. Before claiming productivity gains, measure retrieval times and audit-response times against
a defined baseline in the organization’s own deployment.

« Onedata4Sci — A Demonstration: The Onedata4Sci system exemplifies a practical implementation. In
their case studies (plant imaging, cryo-EM, cellular imaging), Onedata4Sci linked different storage
providers and automated metadata capture. Notably, they used a daemon (fs2od) to watch a directory
for new data and register it with the Onedata storage system. Each dataset had an accompanying YAML
metadata file that, once saved, was ingested into the system’s search index (arxiv.org). The result was
that researchers could query the Elasticsearch index for any metadata field, effectively making diverse
experimental datasets searchable. This prototype, though not a turnkey product, shows that end-to-end
pipelines for acquisition P labeling » indexing » archiving are feasible across multiple domains
(arxiv.org). It validates the idea that metadata-first ingestion enables powerful search capabilities.

« Data Sharing Initiatives: Outside any single company, collaborative efforts also support these
solutions. For example, Axios reported that global Al-biotech summits aim to “unlock troves of data” held
by government and industry (www.axios.com). There are moves toward public-private data commons
(similar to OVCARE) and federated cloud platforms where CROs and sponsors can share project data
under strict governance. The Biden Administration has eyed models like NIH’'s Data Commons, which
rely on FAIR principles and standardized APIs, to make it easier for labs to deposit and find datasets.
While such governmental projects are nascent, they signal a future where hosted data repositories are
interoperable by design.

« Evaluating Impact: The Onedata4Sci authors report production deployments handling experimental
data, with users beginning to rely on the service in routine work (Onedata4Sci). To evaluate a
deployment’s research and financial impact, establish local baselines for retrieval time, repeated
experiments and operating costs, then measure changes after implementation. Treat these as
evaluation criteria, not demonstrated benefit estimates.
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Case Studies and Examples

The examples below combine a hypothetical planning exercise with reports of real initiatives.

Case Study 1: Knowledge Capture in a Hypothetical Lab Handover

This is a general planning scenario from a vendor blog, rather than a documented incident at a named
laboratory. For a planned staff departure, prepare a handover checklist covering protocol versions, sample
identifiers, troubleshooting notes, vendor contacts and quality-control decision criteria.

Record the reasons for protocol changes and link them to the relevant experiments. Review those records with
the incoming owner before handover, and use structured documentation throughout normal work rather than
relying on a last-minute knowledge-transfer exercise.

Case Study 2: OVCARE Research Program - Building a Data Commons
(pmc.ncbi.nim.nih.gov)

OVCARE used REDCap, OpenSpecimen and cBioPortal, with an Oracle APEX resource portal. Only
informatics staff could access the backend systems; researchers made requests through the portal. At
publication, pathology-slide image linkage was planned and the cBioPortal prototype was under evaluation
(2021 implementation report).

Case Study 3: Industry Summit on Data Sharing (www.axios.com)

In October 2024, Axios reported on an international summit (Al-Bioscience Collaborative) co-hosted by
government and industry to address biotech data access. Stakeholders from Big Pharma, Al vendors, and
regulatory agencies converged on a simple fact: advanced Al models demand tremendous amounts of clean,
standardized life-science data, which are currently scarce. One Axios piece quotes organizers noting that
“there aren’t many accessible databases” of the needed data (www.axios.com). Participants reviewed existing
global data-sharing mechanisms, best practices for large biological sequence-focused datasets, and gaps in
data availability (official summit readout).

This episode, though still in-progress, underscores that the problem of “findability” is recognized at the highest
levels. It suggests a future where governments may fund shared data platforms (following models like the
NIH’s All of Us or Cancer Data Commons) to complement private efforts. In short, there's growing
acknowledgment that no single company, left on its own, holds enough diverse data for Al to flourish —
collective infrastructure is needed.

Discussion: Building for the Future

Given the challenges and evidence, what concrete steps should biotech organizations take now to address
data findability? In this section we sketch a multi-pronged strategy, combining technology with process and
culture. These can form a roadmap for implementation:
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1. Adopt FAIR Data Principles — Make data Findable by assigning persistent IDs (DOIs or URNS) to
datasets, Accessible through centralized search portals or APls, Interoperable via shared
formats/ontologies, and Reusable by attaching rich metadata and clear licenses. As the Nature
Biotechnology letter urges, startups and labs should bake FAIR into their data lifecycle from the start
(www.nature.com). Practically, this means mandating annotated ELN entries, standardized
spreadsheets, and cataloguing each experiment in a searchable registry.

2. Build a Data Catalog and Search Layer — Deploy a dedicated data catalog system. This can be an
open-source tool (e.g. Dataverse, CKAN) or an enterprise product, but it must index all data assets and
their metadata. Users should get a user-friendly search interface (“lab Google”). We recommend
indexing both structured and unstructured sources: bind LIMS entries to instrument directories, parse
Word/PDF lab reports, and even include PubMed or patents (as Sinequa suggests) (www.sinequa.com).
Modern search solutions can leverage Natural Language Processing (NLP) to understand queries (e.g.
mapping synonyms), making the system intuitive for bench scientists. Our analysis shows this
dramatically cuts wasted time: with one query researchers can locate the needed datasets instead of
contacting colleagues or plowing through files.

3. Unify Data Repositories — Whether via on-prem clusters or cloud buckets, centralize raw data storage.
Modern cloud data lakes (AWS S3, Azure Blob with Athena, etc.) allow flexible schemas and scale.
Establish pipelines whereby data from lab instruments, LIMS exports, ELNs, and even emails eventually
land in a consolidated pool. Separate access tiers can protect sensitive parts. The Onedata4Sci
example (arxiv.org) illustrates using a federated storage system: data from different providers were
brought into a single virtual filesystem, where metadata was attached and searched. Even if full
centralization is impractical, a federated model (like Onedata’s architecture) can create the appearance
of one “global” dataset to users, while under the hood data might sit in multiple vaults.

4. Enforce Metadata and Workflow Capture — Change processes to ensure context is recorded at the
source. This could involve custom software on instruments that prompts the operator for key metadata,
or ELN templates that require fields be filled. For example, require that every new sample has its
taxonomy of metadata (project, assay type, researcher, date, etc.) entered before filling in the actual
readings. Connect physical inventory (via barcodes/RFID) to data entries so form and function align.
Staff training is critical here: make meticulous documentation part of the lab’s quality culture, not an
optional chore. Over time, as Genemod advocates, rigorous version-control of protocols and templates
for decisions (audit trails) become standard practice (genemod.net).

5. Integrate Systems via APIs — Wherever possible, ensure software platforms interconnect. LIMS and
ELN vendors increasingly offer REST APIs; middleware like SnapLogic or Apache NiFi can be used to
move data between platforms automatically. For example, after each assay, configure the LIMS to push
summary results into a centralized database. Or have your ELN automatically pull in sequencing output
from the data lake. This reduces manual export/import. When planning integration, prioritize reducing
manual transfers and preserving experimental context.

6. Leverage Knowledge Graphs — An emerging best practice in R&D IT is to build a unified semantic
layer. Key data points (chemicals, genes, patients, diseases) become nodes in a graph, and
experimental evidence (e.g. “Drug A inhibits Protein P in Assay B on Date D”) are edges. Graph
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databases (Neo4j, RDF triple stores) allow storing and querying these rich relationships. BioKG is a
knowledge graph for relational learning on biological data (project repository). Even a small startup can
start a graph: add triples linking reagent batches to results, or linking projects that use the same outliers.
Later, queries like “find all experiments on any cell line expressing Gene X" become elementary. Our
synthesis of expert opinion indicates that a knowledge graph complements the data catalog: the catalog
indexes “documents,” while the graph encodes relations.

7. Facilitate Analytics and Al — Once data are findable, one can build analytics layers on top. For
reproducible science, tools like Jupyter Notebook servers can access the unified data lake with
consistent libraries and environments. For example, building an internal Python toolkit that sessions
share ensures code and data live together. Moreover, machine learning and Al models can then be
applied at scale: a dataset that once took weeks to assemble can be fed directly into ML pipelines. For
ML workflows, determine whether the relevant records fall within Part 11's scope. A record used to
generate a submission is not automatically a Part 11 record; FDA guidance ties coverage to the
applicable predicate-rule recordkeeping requirements and electronic record use (FDA guidance).

8. Institutional Roles and Culture: No technology will succeed without the right human roles. Establish
data stewards or “laboratory informaticists” who own the data lifecycle. These people help curate
metadata, train lab staff, and liaise with IT. Recognize data management as a legitimate part of scientific
work (consider data-curation time as billable effort). Encourage cross-team reviews so that, for example,
a chemist and a biologist see each other’s data practices. Reward metrics like “percentage of projects
with public data deposit” or “mean time to data retrieval”. Over time, integrate data excellence into
performance evaluations.

9. Plan for Change Management: Roll out new systems gradually. Maybe start with a pilot: e.g., pick one
research area (like antibody characterization) and build the full pipeline for it. Demonstrate quick wins
(faster query, fewer mistakes). Use that success to drive broader adoption. Gather user feedback
continuously and be ready to iterate. The human factor cannot be overstated: sustained leadership
support (CIO, CSO) is needed to back these changes.

Future Directions and Implications

Looking ahead, making biotech data findable is not a one-time fix but the foundation for new paradigms. Below
are some anticipated trends and their implications:

« Al Integration: As Al becomes entwined with drug discovery (from generative chemistry to clinical trial
simulation), robust data pipelines will be indispensable. Future R&D platforms may allow scientists to
guery an Al agent: “Give me all my experiments related to mechanistic assays on receptor Y.” Large
Language Models (LLMs) trained on a lab’s unified knowledge graph could answer nuanced questions
using BOTH structured and unstructured data. Already, companies experiment with embedding
corporate data into private LLMs. This relies on accurate data linkage. Without solving today’s data
findability, such future Al assistants will at best regurgitate partial answers. Organizations building the
right infrastructure now will enjoy a big competitive advantage in the Al era.
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» Open Science and Collaboration: The FAIR movement suggests a future where more datasets are
shared externally. Plan S focuses on open access to peer-reviewed scholarly publications (Plan S
guidance). If biotech firms internalize FAIR, they can more easily collaborate with academic consortia
and public projects. This opens the door to crowdsourcing discovery: imagine a shared database of
preclinical measurements that algorithms across the field can query. Rich public repositories (Elixir,
Dryad, GenBank, etc.) already show the power of sharing. But companies fear giving away IP. In the
future, hybrid models (data commons with secure enclaves) may allow partners to share non-
competitive data while still searching across combined for hidden leads.

* Regulatory Integration: Regulators are signaling that computational findings must trace back to source
data. In the future, submitting the Al analysis of a drug candidate might require an audit report of all data
lineage. Data findability then is not just an operational issue but a regulatory necessity. Advanced data
infrastructure could allow nearly instantaneous generation of the required documents during an FDA
review, radically shortening review times.

« Standardization and Interoperability: On a global scale, life-science data standards (OMOP for health
records, GA4GH for genomics, ISO 23494 for lab data, etc.) will mature. Organizations that build their
systems around open standards will incur less work migrating to new formats. We envision a modular
ecosystem: labs can plug in new instruments or cloud analytics and have them seamlessly interact
because they adhere to community schemas. Investment in open architecture now pays off by avoiding
vendor lock-in.

« Decentralized and Blockchain-like Systems: Some futurists even foresee decentralized protocols for
data sharing (akin to blockchain) that allow distributed ownership. While still speculative, a blockchain
ledger of experiment metadata could ensure immutability and traceability. Smart contracts could
automatically govern data access rights. If adopted, this could resolve identity and trust issues across
institutions (Knox labs could verify experiment results from collaborators without emailing files). For now,
blockchain is premature for most labs, but its principles inspire more rigorous provenance tracking.

« Pressure of Big Data Analytics: A relevant sidebar is that as data accumulates, traditional analytics
may falter. Big tech has grappled with scaling query systems; biotech will reach similar inflection points if
left unmanaged. We may need “data mesh” architectures where small domain teams own data products,
rather than a monolithic warehouse. This is an active area of research in data engineering. Biotech
companies should watch this space, aligning their efforts with broader industry solutions in data
management.

In summary, the trends of higher data volumes, Al-driven R&D, and regulatory scrutiny all push toward better
data management. The cost of inaction is not static — it increases as complexity grows. Firms that ignore data
findability will increasingly find themselves unable to capitalize on new technologies, as their data backlog
becomes an albatross. Conversely, those that engineer integration and search now will unlock continuous
benefits: faster bench work, smarter models, and ultimately more robust science.
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Conclusion

Biotechnology has become as much an information science as a life science. The data generated by
experiments hold the potential for breakthroughs — but only if teams can actually find and use that data.
Throughout this report we have documented why biotech organizations across the spectrum cannot find their
own data: it's a multifaceted problem of silos, missing metadata, legacy habits, and insufficient tools. The
evidence is clear and compelling: laboratories are losing time, money, and opportunities every day to this
issue. Analyses from industry and academia converge on this message: managing data effectively is not
optional, it is essential to scientific progress (www.labmanager.com) (www.nature.com).

What's needed is a shift in mindset and infrastructure. Data must be elevated from “byproduct” to strategic
asset. This means building systems, standards, and cultures that make every piece of data
discoverable. Our roadmap — from implementing FAIR principles to deploying enterprise search solutions —
illustrates a path forward. While no single silver bullet exists, a combination of better technology (centralized
repositories, knowledge graphs, Al-assisted search) and disciplined process (mandatory metadata, data
stewardship roles) can transform the situation.

The coming years will see increasing demand for integrated data in biotech. Startups and big companies alike
are racing to apply Al and precision analytics. The ability to respond quickly to this demand will depend on the
foundations laid today. Leaders who invest in data findability will empower their scientists, speed discovery,
and ensure compliance with evolving regulations. In effect, they will be building the “lab of the future” — one
where data flows seamlessly to those who need it.

In closing, while the challenge is daunting, it is not intractable. Biotech teams can find their own data — but only
if concerted effort is made across infrastructure, policy, and culture. We advocate a proactive approach: don’t
wait until the next audit or crisis exposes another missing file. Instead, build intelligent data architectures
now. Turn data scarcities into competitive advantages. As one expert writes, success lies not in accumulating
ever more data, but in making that data connected and knowable (www.techradar.com). The scientific
dividends of solving the findability problem are immense — greater efficiency, reproducibility, and ultimately,
more cures brought to patients faster.

References: The claims and recommendations above are supported by industry reports, academic studies,
expert analyses, and case histories. Wherever possible, statements are linked to credible sources, e.g., trade
articles and research papers (www.techradar.com) (www.axios.com) (www.labmanager.com) (genemod.net)
(www.sinequa.com) (www.nature.com). Each source is noted in the text by bracketed citations.
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Website: https://intuitionlabs.ali
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