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1. Introduction: The Strategic Imperative for
Industrial Al

The global life sciences industry stands at a precipice of transformation that is both exhilarating and daunting. For
decades, the sector has been characterized by rigorous scientific discovery coupled with manufacturing processes
that, while robust, are often conservative, manual-heavy, and resistant to change. However, a convergence of
macroeconomic pressures, technological maturity, and shifting regulatory landscapes is forcing a reimagining of how
therapeutics are produced. The central engine of this reimagining is Artificial Intelligence (Al).

The promise of Al in this sector is not merely incremental efficiency; it is a fundamental restructuring of the economics
of drug production. Recent analysis by the McKinsey Global Institute estimates that Generative Al (GenAl) alone could
unlock between $60 billion and $110 billion annually in economic value for the pharmaceutical and medical
products industries. This value is distributed across the entire value chain, from the acceleration of drug discovery to
the optimization of commercial engagement. Yet, it is in the domain of manufacturing where the theoretical
chemistry of the lab meets the physical reality of the plant floor that the potential for immediate, tangible operational
resilience is most acute.

1.1 The Economic Context: Why Scale Matters Now

The urgency to scale Al capabilities is driven by a stark economic reality. The era of the "blockbuster model,"
supported by relatively simple small-molecule manufacturing and high margins, is evolving into a landscape
dominated by complex biologics, cell and gene therapies, and personalized medicine.

.‘[‘E Cost of Goods Sold (COGS) Pressure

Manufacturing complex biologics is capital and resource-intensive. For
instance, in plasma-derived therapies, the raw material (human plasma)
is a scarce, high-value commodity. A standard production batch of
5,000 liters can involve raw material costs exceeding $2 million. When
logistics, storage, and plant operational overheads are factored in
typically adding another 20% to the spend the fully loaded cost of a
single batch can reach $2.4 million. A single batch failure is not just a
scheduling hiccup; it is a multi-million-dollar financial event.
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i®)1 Supply Chain Volatility
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The fragility of global supply chains, exposed during recent geopolitical
and health crises, has necessitated a shift from "Just-in-Time" efficiency
to "Just-in-Case" resilience. Manufacturers require predictive capabilities
to foresee raw material shortages and optimize inventory dynamically,
ensuring that patient therapies are not delayed.

Regulatory Complexity

As the complexity of therapeutics increases, so does the regulatory
burden. The volume of data required to demonstrate compliance
ensuring data integrity, tracking deviations, and maintaining audit trails
is exploding. Traditional manual compliance methods are becoming
unsustainable bottlenecks.




1.2 The Paradox of "Pilot Purgatory"
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Despite the clear economic drivers and the widespread availability of Al technologies, the industry faces a systemic
failure to scale. This phenomenon, widely termed "pilot purgatory," describes a state where organizations successfully
demonstrate Al capabilities in controlled environments such as a single bioreactor or a digital innovation lab but fail
to deploy these solutions across the broader enterprise network.

To chart a path forward, one must first perform a forensic analysis of why pilots fail. The friction that arrests momentum
is rarely a single blockage but a confluence of legacy technical debt, data fragmentation, and regulatory inertia.

This disparity suggests that the barrier to Al adoption
is no longer technological in the strict sense the
algorithms work. Rather, the barriers are architectural,
organizational, and cultural. Companies are investing
in "technology-forward" rollouts, deploying tools
without a clear link to value opportunities, which
undermines the buy-in required for large-scale
adoption. They struggle to manage the "pull" of
demand, launching heterogeneous use cases that
require bespoke data architectures, leading to a
fragmented landscape that is impossible to maintain
at scale?

This report serves as a comprehensive blueprint for
escaping pilot purgatory. It moves beyond the hype
of "what" Al can do, to the rigorous engineering of
"how" it must be implemented. It explores the
necessity of a unified data foundation (the Semantic
Lakehouse), the emergence of "Agentic Al" as a
workforce multiplier, the evolution of validation
frameworks, and the strategies required to achieve
"Velocity to Value".
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The statistics paint a concerning
picture of this stagnation:

Universal Experimentation: Research indicates that
nearly 100% of life sciences leaders report having
experimented with GenAl or traditional ML models.

Scaling Gap: Conversely, only approximately 32% of
these organizations have taken concrete steps to
scale these technologies beyond the
proof-of-concept (PoC) phase.

Value Realization: Most critically, a mere 5% of
companies report that their Al initiatives have
generated consistent, significant financial value or
competitive differentiation.

(
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2. The Anatomy of Stagnation: Key Challenges
in Scaling

To chart a path forward, one must first perform a forensic analysis of why pilots fail. The friction that arrests momentum
is rarely a single blockage but a confluence of legacy technical debt, data fragmentation, and regulatory inertia.

2.1 The Data Ecosystem: Fragmentation and the Context Void

Data is the oxygen of Artificial Intelligence. In pharmaceutical manufacturing, however, the air is thin. The primary
challenge is not the volume of data plants generate terabytes of time-series data daily but its veracity, velocity, and
variety.

2.1.1 The Archipelago of Silos

A modern pharmaceutical manufacturing site is often an archipelago of disconnected data islands.

Resides in OT (Operational Technology) Resides in LIMS (Laboratory Information
systems like PLCs, SCADA, and Historians Management Systems), typically as discrete
(e.g., OSlsoft Pl), often sampled at high values (e.g., "pH = 7.2") entered hours or
frequencies (seconds or milliseconds). days after the process step.

L/
Execution Data Transactional Data

Resides in MES (Manufacturing Execution Resides in ERP (Enterprise Resource
Systems), capturing the "who, what, and Planning) systems, tracking inventory
when" of operator actions and electronic levels and financial costs.

batch records (EBR).

These systems are often sourced from different vendors (e.g., Siemens, Rockwell, SAR LabVantage) and operate on
different data standards. A predictive yield model requires training data that correlates the process parameters (from
the Historian) with the quality outcomes (from LIMS) and the raw material inputs (from ERP). Creating this training
dataset manually is a herculean task, often taking data scientists weeks of "data wrangling" for a single model. When
an organization attempts to scale this model to a second site, they often find that the second site uses different
equipment with different sensor tags, rendering the model useless without extensive retraining.

2.1.2 The Lack of Semantic Context

Raw data in manufacturing is notoriously cryptic. A sensor might stream a value Tag_34902: 45.5. Without metadata,
an Al model cannot know if 45.5 is a temperature in Celsius, a pressure in PSI, or a flow rate. Furthermore, it does not
know context: Which batch was running? Which product was being made? Which phase of the recipe was active?

In pilot environments, engineers manually map these tags. But at scale, across thousands of sensors and dozens of
sites, manual mapping is impossible. The lack of a unified "Semantic Layer" or ontology a digital dictionary that
defines relationships between data points is a primary reason why Al models fail to generalize.
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2.2 Legacy Infrastructure and "Non-Disruptive” Constraints

The life sciences sector operates in a "brownfield" reality. Unlike a tech startup that can build cloud-native
infrastructure from scratch, pharma companies operate facilities with equipment lifecycles spanning 20 to 30 years.

2.2.1 The Legacy Integration Challenge

Many critical production assets run on legacy protocols (Modbus, Profibus) or proprietary, closed ecosystems that
lack modern APl connectivity. These systems were designed for local control loops, not for streaming high-fidelity
data to the cloud for Al inference.

§ Rigid Architectures

Legacy ERP and MES platforms are often monolithic and on-premise. They struggle to handle the
real-time processing required for predictive maintenance or dynamic scheduling.

Validation Lock-in

Perhaps the most significant barrier is the validated state of these systems. In a GMP (Good
Manufacturing Practice) environment, systems are "validated" to prove they perform exactly as
intended. Modifying a legacy SCADA system to install an Al data collector can trigger a requirement to
re-validate the entire system, a costly and disruptive process that operations leaders are loath to
authorize.

Scaling strategies, therefore, face a paradox: they must modernize the data architecture without disrupting the
underlying legacy control systems that keep the plant running. This necessitates a "non-disruptive" integration
strategy that wraps legacy assets rather than replacing them.

2.3 Regulatory Risk Aversion and the "Black Box" Fear

The pharmaceutical industry is, by necessity, risk averse. Patient safety is paramount. The regulatory framework,
historically built on deterministic principles, has struggled to accommodate the probabilistic nature of Al.

{
~@©- Deterministic vs. Probabilistic:
-

Traditional validation (Computer System Validation - CSV) assumes that for a given input, the system will
always produce the same output. Al models, particularly those that engage in continuous learning,
evolve over time. Their outputs are probabilities (e.g., "85% confidence of yield failure"). This fluidity
creates anxiety regarding compliance with 21 CFR Part 11 and other data integrity regulations.

-&- Explainability

Regulators and Quality Assurance (QA) teams are wary of "black box" models (like Deep Learning)
where the logic pathway is opaque. If an Al model recommends rejecting a batch, the manufacturer
must be able to explain why to a regulator. The inability to provide this explainability often relegates Al
to "advisory only" roles, preventing the closed-loop automation that drives maximum ROI.
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2.4 The ROI Translation Gap

Finally, a subtle but fatal challenge is the inability to articulate value. Technical teams often report success in metrics
like "Model Accuracy," "F1 Score," or "Mean Absolute Error." Business leaders, however, speak in "Gross Margin,"
"Yield," and "OEE" (Overall Equipment Effectiveness).

& The Disconnect

A data scientist might celebrate a model with 95% accuracy in predicting pH drift. The plant manager
asks, "So what?" If the organization cannot translate that prediction into a dollar figure by proving that
preventing pH drift saves 10 batches a year worth $20 million-the project will die in the pilot phase.

Pilot Economics

%ﬂ Pilots are often funded by innovation budgets with loose ROI requirements. Scaling requires an
operational budget, which demands a rigorous business case. Many organizations fail to do the
"value-back" engineering required to justify this transition.
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3. The Architecture of Scale: Strategies to Move
Beyond Pilots

To escape pilot purgatory, life sciences companies must adopt a holistic strategy that addresses data, architecture,
and governance simultaneously. The focus must shift from "launching projects” to "building capabilities."

3.1 The Semantic Lakehouse: A Unified Data Foundation

The cornerstone of scalable Al is a robust data architecture. The industry is increasingly converging on the Lakehouse
architecture as the standard for scaling.

3.1.1 Merging the Lake and the Warehouse

The Data Lakehouse combines these paradigms.

Historically, companies faced a choice: It allows for the low-cost storage of vast amounts

Data Warehouses: Structured, reliable, and fast for SQL of raw data (like a Lake) while supporting the
reporting, but expensive and unable to handle unstructured data  transactional integrity, schema enforcement, and
(images, text) or high-velocity streams. high-performance querying of a Warehouse.® This

is crucial for pharma, where a single query might
Data Lakes: Cheap repositories for all data types but often need to pull structured quality data and
becoming "Data Swamps" due to lack of structure and unstructured deviation reports simultaneously.
governance.

3.1.2 The Power of Ontologies and Knowledge Graphs

The "Semantic" component is what makes the Lakehouse scalable. A semantic layer overlays the raw data, mapping it
to a Knowledge Graph a network of real-world concepts and relationships.

Contextualization
Instead of seeing Sensor_A and Sensor_B, the Al sees Bioreactor_1_Temp and Bioreactor_2_Temp.

Standardization
The ontology enforces a common language. Even if Site A calls it "Ferm_Temp" and Site B calls it "T_Ferm," the
semantic layer maps both to the concept of Fermentation Temperature.

Velocity to Value

This allows for the deployment of "Master Agents" or global models. A yield prediction model trained on the
standard ontology can be deployed to any site that maps to that ontology, reducing deployment time from
months to days.

Case in Point:

TCG Digital's mcube™ platform utilizes this approach,
creating a "Data Lakehouse" with an integrated semantic
layer. This allows for the "FAIRification" (Findable, Accessible,
Interoperable, Reusable) of data, enabling batch data and
real-time streams to be ingested and queried using natural
business logic rather than complex code.




3.2 Modular, Non-Disruptive Integration
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To navigate the legacy infrastructure challenge, successful scaling relies on a "Wrap and Extend" integration pattern.

355 Microservices and Wrappers

Instead of replacing legacy systems, organizations deploy lightweight software wrappers. These wrappers
connect to the legacy database or API (however archaic), extract the data, and expose it via modern, secure
microservices. This effectively "modernizes" the legacy asset without touching its core code.

Edge Computing

For high-frequency data (e.g., vibration sensors for predictive maintenance), transmitting every data point
to the cloud is bandwidth-prohibitive. Edge Intelligence processes data locally at the source. An Al model
running on an Edge Gateway analyzes the vibration stream in real-time and only transmits anomalies or
"health scores" to the central cloud. This reduces latency and data storage costs while enabling real-time

responsiveness.

gg Protocol Conversion

Utilizing industrial connectivity platforms (like Kepware or localized loT gateways) to translate
heterogeneous protocols (Modbus, OPC DA) into a unified standard like OPC UA or MQTT before the

data enters the Lakehouse.

This strategy allows for the implementation of advanced Al capabilities like predictive maintenance or real-time
release testing without disrupting the validated status of the underlying control systems.

3.3 Continuous Intelligent Validation (clV)

Scaling Al requires a modernization of the validation lifecycle. The release of GAMP 5 Second Edition provides the
regulatory framework for this shift, moving from a "compliance-first" mindset to a "quality-first" mindset.

3.3.1 From CSV to CSA

The shift from Computer System Validation (CSV) to
Computer Software Assurance (CSA) is pivotal.

CSV Focus:

Generating extensive documentation to prove the
system works. "Test everything."

CSA Focus:

Critical thinking and risk assurance. "Test what
matters." Focus validation effort on high-risk
features that directly impact patient safety and
product quality, while using vendor audits and
unscripted testing for lower-risk features.

3.3.2 Validating the Non-Deterministic
Locked Models:

For initial deployment, Al models are often "locked"
(i.e., learning is disabled). The model is validated as a
static piece of software.

Performance Monitoring:

Instead of re-validating the software every time the
model is retrained, organizations validate the process
of retraining. They implement Continuous
Intelligent Validation (clV), where automated
testing agents constantly monitor the model's
performance against a "Golden Data Set." If the
model drifts or performance degrades, the system
automatically flags it. This automates the
maintenance of compliance, making it feasible to
manage hundreds of models across a global
network.



3.4 Organizational Rewiring: Cross-Functional Alignment
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Technology scales only as fast as the organization can absorb it. McKinsey notes that digital transformations seldom
succeed unless C-suite leaders are aligned around a business-led roadmap.

Center of Excellence (CoE)

A centralized body that sets

standards, manages the data

architecture, and creates
"blueprints" for use cases.

©)

Site-Level Agility

While the CoE provides the
tools, individual manufacturing
sites must own the
implementation. This requires
"Purple People" staff who are
fluent in both the "Blue’
language of technology and the
"Red" language of operations.

&)
Change Management

Scaling Al is a cultural
intervention. Operators must
trust the Al. This requires
transparent interfaces,
explainable recommendations,
and a narrative that positions Al
as a "Co-Pilot" that removes
drudgery, rather than a
"Replacement” that threatens
jobs.
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4. The Agentic Turn: The Next Frontier of
Manufacturing Al

While many organizations are still grappling with dashboards and predictive models, the frontier of innovation has
shifted toward Agentic Al. This represents a leap from "Generative" capabilities (creating text or code) to "Agentic"
capabilities (executing workflows and making decisions).

4.1 Defining Agentic Al in

Manufacturing Core Capabilities of Agents:

Agentic Al refers to systems that Perception: Ingesting multi-modal data (sensor streams, documents,
can perceive their environment, images, video).

reason about data, utilize tools, and Orchestration: Breaking down complex goals (e.g., "Optimize batch

take actions to achieve a goal. Unlike yield") into sub-tasks.
a static dashboard that displays a
red light when temperature spikes,
an Al Agent observes the spike,
queries the maintenance log to see
if this has happened before, checks 4
the inventory for spare parts, and (supervisory).
drafts a work order for the reliability

engineer.

Action: Interacting with other software systems (ERP MES, LIMS) via
APIs to execute tasks.

Autonomy: Operating with varying degrees of human oversight, from
"Human-in-the-Loop" (advisory) to "Human-on-the-Loop"

4.2 High-Impact Use Cases for Agents

The deployment of agents is transforming specific verticals within manufacturing.
4.2.1 Autonomous Root Cause Analysis (RCA)

The Challenge: When a batch deviation occurs, Quality Assurance (QA) engineers spend days or weeks conducting an
investigation. They must manually retrieve data from LIMS, cross-reference it with MES logs, interview operators, and
write a report.

The Agentic Solution:

An RCA Agent acts as a digital forensic analyst. Upon a
deviation trigger, it:

«  Autonomously queries the Data Lakehouse for all data
relevant to that specific batch timeframe.

« Correlates process parameters (e.g., agitation speed)
with the quality attribute (e.g., low titer).

+ Identifies the anomaly pattern.

+ Drafts a preliminary investigation report, citing the
specific data points and suggesting a root cause.

+ Impact: Reduces investigation time by up to 70%,
accelerating batch release.



4.2.2 Predictive Maintenance Orchestration

The Challenge:

Predictive maintenance algorithms often fail to
drive action. An algorithm predicts a bearing
failure, but the alert is lost in a sea of alarms, or
the part is not in stock.

4.2.3 R&D to Manufacturing Tech Transfer

The Challenge:

Scaling a recipe from the lab to commercial
production is fraught with trial-and-error
"engineering batches."

4.2.4 The "Chat-with-Data" Enterprise Search

The Challenge:

Institutional knowledge is buried in unstructured
documents—SOPs, validation reports, historical
deviation records.
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The Agentic Solution:

A Reliability Agent monitors asset health scores.
When a threshold is breached:

+ It checks the SAP/ERP system for spare part
availability.

» It checks the production schedule in the MES to
find a non-disruptive maintenance window.

+ It generates a work order and assigns it to a
technician.

+ It alerts the production planner of the scheduled
downtime.

Impact: Closes the loop between prediction and
execution, preventing unplanned downtime and
optimizing asset availability.

The Agentic Solution:

Formulation Agents analyze decades of historical tech
transfer data and scientific literature. They generate
hypotheses for optimal scale-up parameters,
predicting how a molecule will behave in a 5,000L
tank based on its 5L lab performance.

Impact: Shrinks R&D and tech transfer cycles by
months, accelerating time-to-market.

The Agentic Solution:

A Knowledge Agent powered by a local Large
Language Model (LLM) and a RAG
(Retrieval-Augmented Generation) architecture allows
users to query the document base naturally. An
operator can ask, "How did we resolve the pH drift
issue in Batch X-997" and the agent retrieves the
specific deviation report and summarizes the
resolution.

Impact: Democratizes access to knowledge,
reducing errors and training time.
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4.3 Technology Enablers: The mcube™ Platform

Platforms like TCG Digital's mcube™ are purpose-built to support this agentic future.

Agent Development Kit (ADK): Enables business users to build and deploy their own agents using a low-code
framework. This democratizes Al, allowing process engineers to create agents that solve their specific problems.

Orchestration: The platform employs a "Master Agent" that coordinates specialized agents (e.g., a Database
Query Agent, a Calculation Agent, a Reporting Agent) to execute complex workflows sequentially.

Cross-Industry Maturity: TCG Digital leverages similar agentic architectures in other high-stakes industries,
such as aviation (for aircraft turnaround optimization), demonstrating the robustness of the approach for critical
operations like pharma.
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5. Value Realization: Measuring Impact and RO

The ultimate arbiter of scaling success is the balance sheet. To secure sustained investment, Al initiatives must transition
from "soft" metrics (innovation, digital readiness) to "hard" financial metrics.

5.1 The Financial Model of Al in Pharma

A rigorous ROI framework focuses on three primary value drivers: Yield, Efficiency, and Risk Reduction.

Table 1: Key Performance Indicators (KPIs) for Al in Manufacturing

Value Driver

Yield Optimization

Waste Reduction

Asset Utilization

Labor Productivity

Time-to-Insights

Metric

Batch Yield (%)

Scrap Rate / Failed
Batches

OEE (Overall
Equipment
Effectiveness)

Full-Time Equivalent
(FTE) savings

Data Retrieval Time

Mechanism of Action

Real-time parameter
adjustment to keep
processes in the
"Golden Batch"
corridor.

Early detection of
deviations allows for
salvage or early
termination to save raw
materials.

Predictive maintenance
reduces unplanned
downtime; automated
scheduling optimizes
throughput.

Automating manual
data entry, visual
inspection, and
deviation investigation.

Semantic search and
automated reporting
reduce time to find and
analyze data.

Typical Impact

1.5% - 15%
increase

30% - 50%
reduction

10% - 20%
increase

~30% productivity
gain

70% reduction (e.g.,
10 days to 3 days)

12
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5.2 Case Study: $37 Million Annual Savings

A definitive example of value realization is documented in a case study of a Composite Biopharma Enterprise
utilizing the mcube™ platform.

The Challenge:

The manufacturer faced high volatility in the yield of a plasma-derived biologic. The raw material (plasma) is
extremely expensive, and process deviations were leading to batch failures. A single failure cost ~$2.4 million.

Q The Solution: @ The Result:

The organization deployed an integrated Al . Total Economic Impact: $37 million
solution focusing on: annually.
« Yield Prediction: Models analyzed historical « Breakdown:

batch data to predict yield outcomes early in

the process. = Avoidance of Batch Failures: Preventing

~14-15 catastrophic failures per year.
« Golden Batch Monitoring: Real-time

comparison of the active batch against the = Plasma Optimization: Maximizing the
ideal process profile. protein extracted from each liter of
plasma.
« Agentic Optimization: Recommending
parameter adjustments to operators to = Compliance Efficiency: Reduction in
correct drifting processes. fines and manual compliance labor.

« Strategic Impact: Beyond the immediate cash
savings, the stability of supply protected the
company's market share and reputation.

5.3 Timeline to Value

Stakeholders must align on a realistic timeline for scaling.

Months 0-3 (Pilot): Proof of value in a sandbox. ROl is theoretical.

Months 3-6 (Foundation): Deploying the Semantic Lakehouse arjd integra}t@ng keAy data sources. This is the
"investment" phase where costs are high and visibility is low.

Deploying agents and models to the first cluster of production sites. This is
Months 6-12 (Scaling): where the ROI curve begins to inflect upwards as the "marginal cost" of the next
deployment drops.

Year 1+ (Network Effect): .Enterprise—vvide' roII—out.. The data network Qﬁect kicks in; models trained on Site A
improve operations at Site B. Value generation becomes exponential.

13
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6. Conclusion: The Velocity of the Future

The journey from pilot purgatory to enterprise velocity is not a path of least resistance; it is a path of deliberate
structural reform. The life sciences industry has spent the last decade proving that Al can work. The next decade will be
defined by those who prove it does work at scale, reliably, and profitably.

6.1 Synthesis of Strategic Imperatives

Architecture The limitations of legacy infrastructure and fragmented data cannot be

] @ ignored. They must be solved through the adoption of Semantic Lakehouses
and Knowledge Graphs. This foundation enables the portability and context
required for global scaling.

O is Destiny

a%/\/: Agency over The era of passive dashboards is ending. Agentic Al systems that perceive,
ﬂl]["_‘ﬂ Analysis reason, and act offers the only viable path to managing the exploding

complexity of modern biomanufacturing.

Verification 2nd Edition principles and Continuous Intelligent Validation (clV) allows for

@ Modernize Compliance must evolve from a blockage to an enabler. Adopting GAMP 5
the deployment of adaptive, probabilistic systems within the GxP envelope.

f‘z Value-First Every Al initiative must be anchored in a hard financial metric Yield, COGS,
Enai . OEE before a single line of code is written. The $37M savings achieved by
W e Jln(lstlle) early adopters proves the prize is worth the effort.

6.2 The Call to Action

For industry leaders, the time for experimentation is over. The mandate is now integration.

To the CDO/CIO:
Stop building data swamps. Invest in semantics. Build the ontology that defines your business, not just the
database that stores it.

To the Head of Manufacturing:
Demand non-disruptive value. Do not accept "rip and replace" proposals. Look for "wrap and extend" solutions
that respect your legacy assets while unlocking their data.

To the CEO
Align the organization. Break the silos between IT and OT. Champion the "Product Mindset" where Al is a core
capability of the company, not a side project of the innovation lab.

By embracing these principles, life sciences manufacturers can finally bridge the gap between the promise of the lab
and the reality of the plant, delivering not just better efficiency, but better, safer, and more accessible therapies to the
patients who depend on them.

14
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TCG Digital is the Al & Digital arm of The Chatterjee Group (TCG). For
25 years, we've operated at the intersection of domain depth and
digital excellence—partnering with global enterprises to embed Al
into mission-critical operations, securely and at scale.

At the core is mcube™, our enterprise and agentic Al platform, built
on strong domain-driven thinking and design. mcube™ unifies data,
ontologies, and advanced Al models to navigate disparate data
landscapes, accelerate decision-making, and deliver measurable Rol
— with accelerated time-to-value! Driven by our mantra “Velocity to
Value,” we enable enterprises to transform smarter, and innovate
with confidence. Operating from 11 global offices, TCG Digital serves
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mcube™ is TCG Digital's flagship Data, Al, and Analytics
platform—engineered at the intersection of deep industry
knowledge and digital innovation. Built on a domain-driven
design, it seamlessly navigates the most complex and
disparate data landscapes. With Al 2.0 at its core, mcube™
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mcube.data, mcube.ai, and mcube.agents, it transforms
enterprise data into intelligent ecosystems. mcube™ drives
semantic discovery through ontologies, and empowers
agentic applications for autonomous decision-making and
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value'—delivering intelligence and outcomes at scale.
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