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1. Introduction

Generative Al is explored with clear, practical language; keep sentences short and terms simple, focusing
on healthcare data mart design and optimization in 2024. Purpose, scope, and goals are stated; key concepts,
methods, and expected outcomes are summarized.

Generative Al a class of machine learning algorithms that can autonomously produce synthetic
content, is revolutionizing many domains. This technology enables creative content generation—such as
images, sound, video, and 3D shapes—as well as critical tasks in data analytics and management: data
governance and access, privacy and security preservation, cloud service configuration, and data preparation.
Generative Al offers great potential for designing and optimizing healthcare data marts, key components
of a BI ecosystem where end users build customized queries and ad hoc analytics. These data repositories
mainly support operational decision-making across health organizations but are also dynamically updated
to enable strategic analysis and continuous monitoring of relevant clinical and population health indicators.
Limitations of public and enterprise generative Al systems—in terms of hallucination, factual
inconsistency, and correctness—highlight the importance of proper input and output validation for ensuring
reliable results. Hence, generative Al should be employed as a copilot rather than a full automation tool.
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1.1. Overview of the Study

Healthcare data marts facilitate data analytics, mining, and sharing. Generative Al offers innovative
solutions to various challenges associated with data marts, including data integration, quality, schema
design, and optimization. However, generative Al is not without risks in healthcare. Poor data governance
that leads to misuse and abuse, ungoverned sharing of sensitive patient information, and biased conclusions
from valueless models are only a few of the possible dangers. Generative Al in healthcare data mart design
and optimization is examined as a way to strengthen governance, privacy, and decision-making support.
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Fig 1: Bridging Innovation and Integrity: Leveraging Generative Al for Robust Governance and
Optimization in Healthcare Data Marts

Generative Al is a class of Al systems that leverages a multimodal pretrained foundation model using self-
supervised learning. GPT, DALL-E, PaLM, Midjourney, and Bard are among the many popular generative
Al applications. Though popular Al chatbots support natural-language interactions, they can also generate
SQL queries, MapReduce programs, data pipelines, data contracts, data lineage information, optimization
hints, and data visualizations. They can help identify data inconsistencies and correct data quality issues.
Generative Al introduces new considerations in schema design, data modeling for Al workloads, storage
optimization, and query acceleration.

2. Background

Generative Al (genAl) differs from traditional Al systems, which focus on classification, prediction,
detection, and detection through narrow models trained on specific tasks. GenAl capabilities such as natural
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language generation and perception can assist data managers, analysts, and business users. However,
organizations should also carefully assess the potential risks, limitations, and ethical concerns of genAl. In
enterprise data management and governance, implementing genAl can create effective data contracts, guide
schema alignment efforts, support stakeholder interactions, elevate data-user collaboration, enhance
privacy-preserving data sharing, and enable business users to explore data more easily. For generative Al
to optimize healthcare systems safely, data must be used correctly. This warrants a tight coupling of data,
Al, and business processes.

Healthcare data marts are repeatedly refreshed, support exploratory data analytics, and serve well-
known workloads—features that are conducive to optimization. Generative Al can be employed to guide
storage optimization by proposing schema and data modeling strategies that support both standard query
types and artificial-intelligence-enabled workloads. Various storage-optimization techniques can then be
applied, including compression, partitioning, tiering, caching, and cost-aware data retention. The
acceleration of response time for frequently executed queries, such as user-facing dashboards and alerting
systems, can be achieved through various query-acceleration techniques, including indexing, materialized
views, pre-aggregation, and Al-assistance for query planning.

Equation 1 Compression — storage footprint and cost
Step 1: Define raw size
e et raw dataset size be:
So (TB)
Step 2: Define compression ratio

o Compression ratio:
raw size

compressed size
So compressed size is:

Step 3: Convert size to monthly storage cost
e If storage price is cg dollars per TB-month, then monthly storage cost is:
So

Cstorage(r) =Cs* S¢ = Cs T
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lllustrative: storage cost decreases with higher compression ratio
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2.1. Significance of Generative Al in Healthcare Data Management

Generative Al uses pre-trained models to create new content by completing text prompts, generating images
from text descriptions, or assembling software components. It can also decompose complex problems and
analyze large datasets to produce summaries, essay outlines, or full reports. Healthcare data marts benefit
from generative Al in several ways. Given the high stakes involved in healthcare data management,
however, these opportunities must be weighed against the risks associated with autonomous and semi-
autonomous decision-making by Al models.

Generative Al can support data governance by answering questions about the data estate, such as
the locations of specific datasets and why decisions were made based on those datasets. From the
perspective of data privacy, generative Al can enhance risk-scoring models by incorporating unstructured
risk indicators, allowing risk stratification of insurance applicants. The timeliness of generative Al also aids
decision support, since predictive models can require many days to produce a backlog of cohort-finding
reports for system-wide data stewards. Generative Al can help with explaining dashboards and alerting
users to emerging trends. Data marts with auditability and traceability support investments in these
enerative Al capabilities.

Symbol | Meaning

S0 Raw data size (TB)

T Compression ratio (raw/compressed)
c s Storage cost rate ($ per TB-month)

f Fraction of partitions scanned (0..1)
TO Full-scan query latency (sec)

3. Generative Al in Healthcare Data Marts

Generative Al applications are illustrated with the four pillars of integrated data management (integration,
quality and cleaning, design, and optimization) in data marts tailored to support business intelligence (BI)
queries and generative Al workloads. Generative Al in the context of healthcare data mart design and
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optimization: Data integration encompasses source identification and data acquisition through extract,
transform, load (ETL) or extract, load, transform (ELT) processes. Additional steps include defining data
contracts between producers and consumers, mapping data to a common schema for storage within the data
mart, and ensuring interoperability across data elements sourced from different organizations. Generative
Al enhances the design and implementation of these activities by automating documentation and/or
generation of data source inventories, mapping prescriptions, ETL/ELT code, data contracts, schema
definition, and data-element interoperable.

Data quality and cleaning involve assessing data for accuracy, completeness, consistency,
timeliness, uniqueness, value range, and provenance; formulating cleaning rules for outlier detection and
correction; establishing data lineage to enable impact assessment during change; and validating cleaned
data elements prior to loading into the data mart. Generative Al contributes by automating the
documentation and/or generation of data quality dimensions employed in assessment, cleaning rules for
detection and correction of specific anomalies, lineage traces for specific elements, and validation routines.
Equation 2 Partitioning — scan reduction — query time reduction
Step 1: Split query time into fixed + scan components
Let:

e T, = full-scan time (seconds)

T, = fixed overhead (planning, startup, etc.)

o T, =scan time portion

So:
T0 = Tover + Tscan

Step 2: Partition pruning reduces scanned fraction
Let f € (0,1] be the fraction of partitions scanned.
Assume scan time scales roughly linearly with scanned data:

Tscan(f) =f- Tscan

T(f) = Tover +f- (TO - Tover)

Step 3: Substitute

3.1. Data Integration

Generative Al is advantageous for designing and optimizing healthcare data marts. The coverage is broad
yet concentrated on healthcare data mart design and optimization. Healthcare data marts often serve clinical
analytics and support for decision-making in patient management, quality improvement, and resource
utilization. Therefore, the chat generative pretrained transformer (ChatGPT) is explored in three crucial
areas: data integration, data quality and cleaning, and schema design. Generative Al significantly
accelerates the elaboration of design documents and implementation code, but it requires a high degree of
supervision to avoid hallucinations. As a prompt-based technology, ChatGPT should be entrusted with
business expertise, widely exposed to domain knowledge, and steered toward desired responses.
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Fig 2: LLM-Augmented Clinical Data Architectures: Optimizing Healthcare Data Mart Design
through Supervised Generative Al Integration

Data integration into the healthcare data mart encompasses the identification of data sources, mapping of
source to target semantics, implementation of extraction-transformation-loading or extraction-loading-
transformation in a data pipeline-assisted manner, establishment of data contracts with a focus on quality
and origin, schema alignment over the integrated dataset, and overall interoperability of the data mart. The
overwhelming aspect of development requires description of the sources along with schema and metadata
information for data contracts.

3.2. Data Quality and Cleaning

Data quality is a critical dimension of successful data management and decision support. An extensive set
of data quality dimensions has been identified in literature, together with rules for cleaning and
deduplication, anomaly detection strategies and tools, data lineage and provenance, and validation checks
to confirm that data fulfills the business rules established in the data contracts.

Data contracts provide a framework for estimating data quality and ensuring clear responsibilities,
which can be further improved by adding a probabilistic component. Moreover, recent advances proposed
an Al-assisted solution that classifies data quality dimensions by risk, enabling stakeholders or AI models
to decide which dimensions to prioritize.

4. Design Strategies

Generative Al can assist several tasks related to healthcare data mart design. First, databases and schemas
can be suggested based on the computing needs and the targeted clinical questions. In the second type of
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tasks, auto-completions can increase the adaptability of the underlying schemas to Al workloads by
automatically generating data-modeling components, such as feature stores and embeddings.

1 Schema Design

In a star schema (i.e., a central fact table surrounded by dimension tables) or a snowflake schema
(i.e., a star schema with dimension tables that are also normalized), queries return facts featureed in the fact
table that best relate with the actively appended WHERE clauses. In a lengthier structure, an organization
customized so that process chains form a star cannot be over-generalized for Al workloads. For instance,
by just appending historical flagged vendor-related incidents in a bottom-down causal analysis chain, Als
can purpose these incidents as a variable on the risk score or predictive-alert engines or revert classification
into a vendor cohort.

Fifth-zone schemas can separate optimization and storage costs from modeling flexibility. Schema
denormalization eliminates extra JOIN operations, thereby reducing latency. However, join operations
introduce a limited overhead only if the related data is stored in separate clusters because cluster local nodes
can take advantage of the conceptual design of disks: Info polygons are organized per record’s order of
appearance, making group scan in readiness. Thus, denormalization can be employed for graphical user
interface facing users but should be avoided when Al models need to target the best n-point-in-time
summary to correlate with the outcome variable.

Illustrative: partition pruning lowers latency by scanning less data
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Equation 3 Caching — expected latency from hit rate
Step 1: Define cache hit rate

e h € [0,1] = probability a request is served from cache.
Step 2: Define conditional latencies

e Ty, = latency when cache hits (fast)

o T, = latency when cache misses (slow)
Step 3: Expected latency
By total expectation:

E[T] =h- Ty + (1 —h) - Tyiss

4.1. Schema Design
Schema design hinges on the nature of the data mart and the anticipated reporting workloads. Star and zone
schemas are commonly adopted in clinical data marts to satisfy BI query workloads. In star schemas, data
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is organized into fact and dimension tables. Fact tables hold quantitative data for analysis and typically
contain foreign keys to dimension tables. Dimension tables store qualitative attributes related to the facts.
In zones, data is curated for the analytics workload but not necessarily denormalized for performance.
Denormalization improves query performance by reducing JOINs but also increases storage cost. A
compromise between the two extremes requires careful weighing of workload characteristics and associated
trade-offs.

To better support machine learning workloads, data marts must encompass Al/ML-oriented
models. Analyst-centric definitions exist for feature stores and embeddings. Feature stores catalogue and
serve reusable data assets for model training and prediction, with production and staging versions.
Embedding stores cover NLP and image tasks and provide embeddings, primarily for use in reduced-
reference information retrieval tasks. Serving metadata contains model and feature metadata for future-
proofing; its absence in current data-driven pipelines quickly becomes an issue. A model-data alignment
layer indicates which data is intended for training and scoring purposes, to facilitate versioning and other
aspects of data governance.

4.2. Data Modeling for Al

The traditional focus on support for BI queries should be complemented with an explicit focus on support
for Al workloads. A well-designed data mart can efficiently store the necessary data to retrain existing
models, build new models, and evaluate future model performance. A few requirements that stem from the
intersection of data marts and Al workloads are mentioned here. Dedicated feature stores must persistently
store data preparation steps and the calculated feature values ready for model consumption. Embeddings—
both on structured and semistructured data—speed up inferences for NLP and computer-vision models,
respectively. The metadata tables enable easy access to information regarding data preparation, ownership,
and lineages. When data movement is the killer cost, versioning the training data while leaving the serving
datasets commingled ensures that memory-efficient model-data alignment still comes at little overhead.

A well-designed data mart goes beyond just being a repository of past models and their
performances; it also aims to help business teams plan for future models. Browsing through models that
perform poorly on high-importance segments or exploring the datasets that have changed the most enable
more agile decision making. Tight alignment between model development, serving, and the data warehouse
speaking the same dialect turn these various processes into a single, seamless flow.

5. Optimization Techniques

For precomputed data and Al workloads, query speed is critical. Effective query optimization methods
include appropriate indexing, smart use of materialized views, pre-aggregated data, and Al-assisted query
plan optimization. To reduce user costs, cloud data marts must minimize data-access cost, for example,
through storage compression, adaptive/partitioned table tiering, and caching mechanisms that address data-
query patterns.

1 Storage Optimization

To optimize storage costs, several techniques can be applied. Data compression minimizes costs
while maintaining necessary performance levels. Partitioning further reduces costs and enhances query
performance by limiting the amount of data scanned. For data grouped by different columns, partitioning
must be dynamic and kept up to date, which is typically done through automated processing.

Differently priced storage tiers can accommodate less-frequently accessed data. For large but rarely
accessed datasets, data may be archived to inexpensive object-storage systems, where the access speed is
slower. However, the older, unused data still have to fulfill retention or compliance regulations. Caching
minimizes data-access latency by storing very frequently accessed data close to the virtual machines
executing the queries. Memory-resident caches at the virtual machine level provide a primary response time
measured in microseconds. However, a fast query-performance cloud data mart can utilize an intelligent
caching layer that observes patterns in data access and determines which actively queried data should be
cached to increase cost-effectiveness.

2 Query Acceleration
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To accelerate query performance and lower associated costs, common techniques historically
implemented in database systems should be considered. Indexes reduce the amount of data scanned for
selections, joins, and order-by clauses, but require maintenance overhead and extra-storage space.
Materialized views are precomputed results of resource-intensive queries with costly reconstruction.
Materialized view maintenance should consider the number of views, how often the view is queried, and
how quickly the data must be refreshed.

To avoid high query-execution costs yet offer low-latency responses, pre-aggregation can be
performed in accordance with identified data-access patterns for reporting, business intelligence, and
dashboard purposes. Furthermore, to reduce query-execution time for nonexpert users, a cloud data mart
can build intelligent query-execution plans tailored to the observed workload, defining specific
optimizations that improve query performance. Al-assisted execution plans can also alleviate the need for
the user to specify all relevant parameters for an optimal query and reduce the burden on data engineers
responsible for data-query training.

Equation 4 Tiered storage — blended storage cost
Let:
e fraction in hot tier = p, cost ¢y
e fraction in cold tier =1 — p, cost c,.
Blended monthly cost:
Clier = SO(p Ch T (1 - p) CC)
If compression differs by tier, extend it:
So So
Ctier =—PcCn +_(1 - p) Cc
Iy I'e

5.1. Storage Optimization

Storage optimization techniques reduce resource consumption and costs. Data marts store data in
volume/purpose/temporal tiers according to requirements. Compression lowers storage usage and cost,
while partitioning divides large tables for faster access. Tiered storage assigns ingested data to moderate-
cost storage and periodically migrates it to lower-cost, slower storage for infrequent access. Caches
optimize for workloads with small subsets of frequently accessed data. Cost-aware retention policies delete
data when the cost of keeping it exceeds the cost of recapturing it with new data.

Compression functions reduce space consumption by transforming data into smaller
representations suitable for storage or transmission. Compression transforms can be divided into lossless
and lossy compression functions depending on whether the process is reversible or not. The different types
of data undergo different types of compression. Triage compression groups incompatible datasets together,
allowing simultaneous triage. Small datasets may be merged for effective compression. Opaque leaky
bucket on a garbled line is a sample lossy compression. The most basic form of partitioning creates separate
segments for different values of a chosen attribute that is generally used for filtering and grouping such as
date.

Partitioning reduces query times on massive tables. Logical ordering of data in physical storage
can also improve performance. Cache data using a dedicated caching layer for workloads that repeatedly
examine small, frequently used subsets of data. Cached data is regularly updated and evicted after remaining
stale for a configured period. A cache needs to be a separate layer in the architecture; storage is optimized
for large batch scans rather than for random read accesses. Data retained in a data mart has an associated
cost derived from both internal factors and external risks and changes. The internal cost decreases as time
increases since it is related to the day when the data becomes accessible, while the external cost grows with
time due to changing business environments, dynamics, and interests.
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Fig 3: Multilayered Storage Optimization: A Framework for Cost-Aware Data Lifecycle
Management and Elastic Resource Efficiency

5.2. Query Acceleration
Achieving low query latency is crucial for the utility of a healthcare data mart. Key techniques include
proper indexing, materialized views, pre-aggregation, and Al-assisted query-plan generation. Creating
general-purpose indexes on key-value pairs can deliver significant performance improvements.

Materialized views are also an effective way to accelerate time-consuming analytic queries. A
specialized query accelerator can manage both materialized views and the pre-aggregation of data at
different granularity levels, allowing for on-demand creation, maintenance, and pruning according to user-
specified criteria. Innovations in Al also hold the promise of speeding up normal query execution; for
example, by finding optimal filter conditions or recommending selections from a cache of common answers
to similar queries.

Providing fast answers to BI (business intelligence) queries has been identified as a key requirement
for a healthcare data mart, especially to support board dashboards. However, Bl-style queries are only a
portion of what is usually supported. The capability to train complex Al models on the entire range of data
is often also needed. Indeed, conversely, these Al workloads can sometimes be scheduled to assist the
overall Bl query performance.

Technique Primary KPI improved Typical trade-off
Tiering Storage $ Slower access for cold data
Caching Latency Staleness & memory cost
Indexing Latency Write/maintenance overhead

Materialized views Latency Refresh & storage cost
Pre-aggregation Latency Loss of drill-down detail
6. Use Cases
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Healthcare data marts are used for many applications in clinical, operational, and population health
domains. The following subsections illustrate two such applications: clinical analytics, which serves the
clinical domain, and population health use cases that span multiple domains.

1. Clinical Analytics

Dashboards provide at-a-glance insights and enable interactive exploration of clinical data.
Predictive alerting signals caregivers of patients needing immediate attention. Models predicting risk scores
for adverse clinical events give care providers a view into individual patients’ risk levels. Machine learning
builds these models. A population-level, risk-based methodology aggregates downstream clinical lab result
cohorts for stratified analysis; pretrained deep learning models extract embeddings for non-structured
queries. The stratification base enables monitoring of cohort evolution over time, and projected cohort
evolution provides meaningful guidance to public health policymakers.

2. Population Health

The analysis of population health data has four objectives: cohort stratification across various
dimensions; analysis of trends in subgroup health outcomes over time; study of the evolution of subcohort
characteristics and distributions; and assessment of the effects of health policies. The stratification task, the
population health version of the clinical risk-scoring use case, consists of stratifying the underlying
population under analysis based on a risk score for a targeted event. The stratification base, with the addition
of a temporal partitioning aspect, facilitates the study of trends in health outcomes, such as the occurrence
of clinical events predicted during stratification.

Trend analysis looks at the evolution of pre-defined cohorts over time. Historical data covering a
sufficient time span support the critical evaluation of government interventions on public health. The model
establishes a causal relationship in clinical stratification.

Illustrative: cost-aware retention has an optimum at —15 months

—— Internal cost (decreasing)
175 4 —— External cost (increasing)
—— Total cost
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Equation 5 Cost-aware retention — optimal delete/retain horizon
We model that idea.
Step 1: Internal + external cost decomposition

Cretain ® = Cint ® + Cext(t)
Step 2: Choose functional forms consistent with “decreases” and “increases”
A common (and analytically convenient) choice:
Coe(® =A™, a>0Cu(t) =Beft, B>0
So:
Cretain () = Ae™** + BePt
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Step 3: Find optimal t* minimizing total cost
Differentiate:
dcretain

=_(XA —(Xt_l_ BBt
It e BBe

Set to zero:
—aAe™* + BBePt = 0 BBePt = qAe~
Multiply both sides by e**:
BBe(@+Bt = A
Take natural log:

(a+pB)t=1In (g—g)

=] ("‘A)
= nl—

a+pB \BB
6.1. Clinical Analytics

Generative Al capabilities in data synthesis, summarization, translation, and supporting novel questions
help address the three Shimmin et al. clinical axes. Healthcare data mart design choices enable a wide range
of applications in descriptive, predictive, and prescriptive analytics for patient subgroups and populations.
Analytical dashboards support the alarmist role of synthesizing data and informing flexible operations.
Patient cohorts provide a long-term view and enable predictive modeling and exposure—outcome
assessments.

Healthcare policies can regulate exposures through shortened, limited, and educated contacts.
Beyond playing the alarmist role, data marts allow healthcare providers to detect pandemic waves in real-
time, evaluate population stratification, analyze health risk trends, and assess the population risk.
Generative Al capabilities in information synthesis and summarization, structured question answering, data
enabling rule-based alarm fires, and predictive and prescriptive components complete the analytics axes of
Descriptive, Predictive, and Prescriptive Analytics that communicate insights back to administrators and
policy-makers. The control and alarmist roles of the healthcare system broadened through KPI dashboards
and clinical alerts triggered by the data mart are further discussed in Healthcare Use Cases.

Dashboards visualize high-level KPIs and detect changes against historical baselines on health
records captured per aggregate time periods. Alerts are periodic and generated for customizable risk
thresholds. In an ideal integrated monitoring environment, predictive modeling and the exposed—outcome
estimator can support risk score generation and monitoring, allowing an alerting body to send alerts on
changing or high-risk groups. Partitioned data marts incorporate flexible backup and retention operations
that account for simulation results and phase curtain controls for exposure timing.

So:

6.2. Population Health

Population health management is a key challenge for both public health departments and healthcare
providers who manage large, diverse populations. Generative Al can assist in healthcare data mart design
and optimization to support these activities. Population health analytics encompasses the stratification of
an entire population and subsets of them, the analysis of population-wide trends over time, our
understanding of the evolution of important cohorts of patients, and our assessment of the expected clinical
outcome of the implementation of particular policies. The consideration of a particular population cohort
holds great importance in epidemiology and, in general, in the evaluation of the clinical impact of a new
drug, a new vaccine, or a new prevention policy.

Without going into all the details on these population pillars, a population health dashboard is built
using the population health foundation dataset. The dashboard includes the stratification pillar that allows
the stratification of the population into distinct groups, such as patients with diabetes, a cohort of interest
for health insurance companies, stratified by age, sex, and propensity to develop complications; trend
visualizations on the evolution of patients at risk to develop each predefined chronic disease and its
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complications; a cohort evolution analysis of, for instance, the patients with COVID-19 and of the
associated sequelae over periods of time; and finally, an assessment of the clinical intervention on the
evolution of patients indicated by an external alert system.

7. Conclusion

Generative Al holds great promise for healthcare data governance, helping practitioners and enterprises
share, collaborate, analyze, and manage data in the presence of privacy, security, and legal constraints.
Thus, the new paradigm can enhance healthcare data mart design and optimization, eventually enhancing
clinical and administrative decision support. Generative Al clearly has many applications across data
management and analytics lifecycles. In the integration phase, it can help identify suitable data sources,
execute mapping, logic-building, ETL/ELT processes, data contracts, and schema alignment. In quality
assurance, it can recommend quality dimensions that need a cleaning process, identify the issues or
anomalies, generate cleaning rules, enable lineage tracing for those data, formulate validation rules, and so
on. Yet, much work remains to realize these applications.

A generative Al model could assist in data mart design by proposing star or zone schemas, defining
the fact and dimension tables, delineating denormalization trade-offs in star schemas, and designing the
mart to accommodate Al workloads. Storage optimization techniques might include recommending suitable
compression methods, partitioning strategies, placement on storage tiers, caching specific data, and
maintaining cost-aware retention. Similarly, query acceleration approaches could comprise guiding
indexing, materialized view creation, pre-aggregation, and production of Al-assisted query plans.
Dashboards could leverage clinical data to provide predictive alerts, risk scores for specific cohorts, and
cohort definitions. Population health management clusters could explore stratification, trends, and cohort
evolution, as well as test the impact of specific policy changes.
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7.1. Final Thoughts and Future Directions

Generative Al is a promising technology for the design and optimization of data marts. Generative Al
systems can address the intricacies of healthcare data integration, data quality, schema design, data structure
optimization, and query speed enhancement. Data governance and privacy concerns of generative Al
applications are precious future research topics.

In addition, methodological guidance on the use of generative Al applied in the design and
optimization of data marts is still sparse; more thorough studies would be valuable. Key data-management
challenges remain, such as the integration of multimodal, multiscale, and multidimensional information;
the improvement of data quality in healthcare information systems; the schema design for adaptation to
new applications and changeability; the optimization of storage footprint and query speed; and a thorough
analysis of the reliability of generative Al systems. New applications of generative Al in healthcare data-
management areas, such as data governance and privacy preservation, are also widely needed.
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