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Abstract

Business Intelligence and Analytics has transformed from static historical reporting into a dynamic, real-
time discipline at the intersection of data management, machine learning, and decision science. This paper
presents a comprehensive survey of the evolving BIA landscape, examining both back-end architectural
innovations and front-end analytical capabilities. We trace the progression from traditional three-tier BI
systems to next-generation paradigms including operational BI for real-time insights, situational BI for
integrating external streaming data, and self-service BI for democratized analytics. The survey reviews
enabling database technologies such as in-memory databases and hybrid OLTP/OLAP systems, and
addresses critical data governance challenges arising from heterogeneous data sources and increased user
participation. On the analytics front, we examine machine learning applications for time series forecasting
across financial, sales, and healthcare domains, and highlight integrative approaches, particularly multiple
kernel learning for combining disparate data sources to improve predictive accuracy. A healthcare case
study in intensive care unit monitoring demonstrates how next-generation BIA can integrate real-time
sensor data with traditional records for life-critical decision support. This survey provides researchers and
practitioners with a holistic framework for understanding the converging technologies shaping the future

of data-driven enterprise intelligence.
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1. Introduction

In the beginning, Business Intelligence was synonymous with reporting. People tended to analyze the
past as opposed to predicting what may happen next. During that time, companies would gather sales
figures and feed them into a database. Afterwards, they would query the database to see how the previous
month or last quarter performed. That approach worked well when business moved slowly. However, the
scenario is quite different now. Information streams from all sides.

Traditional Business Intelligence used a three-layered approach. The first layer determined what
information looked like. Business logic was run by the second. All data were stored in the third. At
that time, this made some sense. Computers were slow. Storage was exorbitantly expensive. Moreover,
reports could consume hours of the day. The application layer had no actual knowledge of the database
layer’s activities. When someone would run a complex query, the system was unable to respond quickly.
Response times varied greatly.
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As data volume exploded, problems worsened. An average company today can collect more data in a
single day than an entire company in the 1990s would collect in a year. Traditional databases lack the
capacity for this scale. They used spinning disks, which became extremely sluggish when reading many
disparate pieces of information. Loading data from transaction systems into the data warehouse took time.
The ETL process could take several hours. By the time data was ready for analytics, the business had
often already moved on, overnight or over the entire weekend.

Three new ideas emerged to address these problems. Operational BI aimed to deliver answers in
seconds or minutes instead of days, an objective closely tied to advances in real-time data integration
architectures for global enterprises [1]. Situational BI tried to pull in outside information news feeds,
weather data, social media chatter and combine it with internal records. Self-service BI let regular
business users build their own reports without waiting for the IT department [2]. Each of these ideas
addressed a real pain point, but they also brought new challenges. Real-time processing requires faster
databases. External data is messy and unstructured. Regular users may not understand data quality issues,
a concern that has been documented extensively in empirical studies of self-service BI implementation

[3].

A growing body of recent work addresses the architectural, analytical, and governance dimensions of
next-generation BI, extending the themes introduced above. On the analytical-pipeline side, Syed [4]
propose a semantic synthesis framework for automatically composing analytical workflows, reducing the
manual effort required to build predictive data-science pipelines. Complementing this, Amin [5] examine
in-database analytics techniques that push predictive computation closer to the data itself, enabling more
dynamic exploration without the latency of moving data into a separate analytical store. Agarwal [6]
focus on the front end of this pipeline, showing how visual analytic tooling can improve data preparedness
for downstream Al projects, an increasingly important precursor to reliable model training.

Real-time and unsupervised analytics have also received attention outside the traditional finance
and retail domains. Dhameliya [7] apply unsupervised learning to real-time sports-news streams to
support strategic decision-making, illustrating how operational BI principles generalize to domain-specific
applications beyond the enterprise back office. Raichur [8] propose data-driven methods for identifying
irregular patterns in large operational datasets, a capability directly relevant to the anomaly-detection
needs of the operational BI systems discussed in Section 3.

Governance and interoperability concerns are addressed by Jai [9], who introduce executable metadata
as a mechanism for building governed, interoperable data platforms, an approach that speaks directly to
the lineage- and definition-tracking challenges discussed in Section 5. Michalczyk et al. [10] provide a
state-of-the-art overview of self-service BI and analytics, cataloguing open research avenues that this
survey builds upon. Finally, Veluru [11] demonstrate how network-embedding techniques can reveal
hidden structure in large, heterogeneous datasets, an approach conceptually related to the multiple-kernel
and integrative methods discussed in Section 4.

Thematic synthesis. The works reviewed above cluster into four thematic areas relevant to next-generation
BI: (1) performance optimization (Kamma’s StrataServe, Anondi’s streaming analysis, Thaklanti’s
numerical methods), (2) security and governance (Kuppili’s DockerGate, Kuruppathukattil’s threat
analysis), (3) real-time and streaming analytics (Anondi’s safety monitoring, Barvaliya’s probabilistic
inference), and (4) integrative and generative methods (Mittra’s multimodal classification, Dash’s LLM
research). Collectively, these works indicate a field moving toward low-latency, secure, and increasingly
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autonomous BI systems, trends that the present survey aims to synthesize architecturally.

The back end of a BI system handles all the data collection, storage, and preparation. In traditional
setups, this meant separate databases for transactions and analytics. Transactional databases, called OLTP
systems, processed customer orders, inventory changes, and other day-to-day operations. Analytical
databases, called OLAP systems, stored historical data for reporting. Between them sat the ETL process,
which moved data from OLTP to OLAP, usually once per night. The convergence of these two workloads
into unified hybrid OLTP/OLAP systems has become a central theme in contemporary database research
[12].

This separation worked for a long time because reporting did not need to be real-time. Managers
looked at weekly or monthly reports, so a one-day delay was fine. But modern business needs faster
feedback. An e-commerce site wants to know within minutes if a new promotion is working. A logistics
company wants to reroute trucks as soon as a delivery gets delayed. Waiting until midnight to load data
into the warehouse means missing opportunities and losing money.

A straightforward way to gain faster insights is to execute analytics on the transactions database directly.
This creates issues because analytical queries read large amounts of data while transactional queries make
many small changes. When both run together, they compete for locks and memory. An analytical query
can lock a table that a transaction seeks to update, causing delays for customers. The transaction might
modify data that the analytical query is halfway through reading, thus producing inconsistent results.

Figure 1 shows the traditional architecture with separate OLTP and OLAP systems. The ETL process
moves data between them, but this creates latency. Data is only available for analysis after the nightly
load completes.

OLTP System ETL Process OLAP System

Analytics User

Figure 1: Traditional BI architecture with separate OLTP and OLAP systems. Data moves through ETL,
creating reporting delays.

In-memory databases offered one solution. Instead of storing data on slow disks, these systems keep
everything in RAM. Reading from memory is thousands of times faster than reading from disk. Query
times drop from seconds to milliseconds. The H-Store system showed that distributed in-memory storage
could handle very high transaction rates by removing traditional database features like buffer management
and locking. VoltDB commercialized this approach for operational BI workloads.

But keeping everything in memory becomes expensive. A terabyte of RAM costs much more than a
terabyte of disk. Many databases have a mix of hot and cold data. Hot data is accessed frequently perhaps
today’s orders and customer sessions. Cold data is rarely looked at last year’s archived records. Storing
both in memory wastes money. A smarter approach keeps hot data in RAM and moves cold data to flash
or disk.

The Siberia framework from Microsoft showed how to manage cold data in the Hekaton in-memory
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Table 1: Comparison of Modern Database Architectures for Next-Generation Business Intelligence

System Architecture Primary Tech- Advantages Limitations Typical Appli-
nique cations
H-Store In-memory Distributed row- Extremely high Limited analyt- Financial trad-
OLTP store transaction ical capability, ing, telecom
throughput, expensive mem- billing
very low la- ory footprint
tency
VoltDB Distributed In- Partitioned exe- Real-time Requires care- Fraud detection,
memory cution processing ful partitioning streaming ana-
with ACID strategy lytics
guarantees
HyPer Hybrid OLT- Copy-on-write  Simultaneous Snapshot over- Enterprise BI,
P/OLAP snapshots transaction head increases operational ana-
and analytical under heavy lytics
workloads write loads
SAP HANA Hybrid In- Columnar stor- Fast aggrega- High infrastruc- ERP analytics,
memory age with com- tion, integrated ture cost business intelli-
pression analytics and gence
ML
Siberia Hybrid Mem- Hot—cold data Reduces Performance Large  enter-
ory migration RAM require- degradation prise databases
ments  while for cold-data
maintaining access
performance
MobiDB Hybrid Schedul- Queue-aware Predictable re- Scheduling Service-level
ing workload man- sponse time un- complexity agreement
agement der mixed work- (SLA) applica-
loads tions
DuckDB Embedded Vectorized exe- Lightweight,ex- Not designed Local analytics,
OLAP cution cellent analyti- for large dis- data science
cal performance tributed OLTP
workloads
SingleStore Distributed Hy- Row + column High scalabil- Commercial li- Cloud-native
brid storage ity and real- censing operational BI

time analytics

engine. Only some tables live entirely in memory. The system migrates records between hot and cold

storage while keeping transactions consistent. Tests showed that with cold data on flash storage, throughput

dropped only 7 to 14 percent, which is acceptable for many workloads. The key insight is that access

patterns matter more than total data size.

Another approach came from the HyPer system, which uses virtual memory snapshots [13]. The main

database processes transactions normally. For analytical queries, the operating system forks the database

process, creating a snapshot. The analytical query runs on the snapshot while transactions continue on the

original. The copy-on-write mechanism means the snapshot only copies memory pages that change, so

overhead remains low. This provides both good transaction throughput and fast analytical response times

on the same data.

MobiDB followed a different approach in queue scheduling. It creates a queue of incoming transactions

and analytic queries, estimates how long each will take, and schedules execution in time rather than

processing them as they arrive. For incoming requests, MobiDB schedules when to run them according to

estimates and SLAs. This makes execution times predictable, which matters for operational BI where
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users expect consistent performance.

The historical division between transaction and analytics databases is reducing. New architectures are
consolidating everything while cleverly isolating workloads, an approach reflected in recent proposals
for optimizing in-database analytics for dynamic data exploration and predictive insights [5]. Memory
costs continue to decrease. Technologies like 3D XPoint and computational RAM will further blur the
boundary between RAM and storage. Future BI systems will likely maintain most data in some form of
persistent memory with automatic tiering to slower storage devices only when necessary.

Immediate access to data is useless without the right analytical tools. The front end of a business
intelligence architecture refers to all the tools that turn raw data into insights: visualization dashboards,
report generating engines, and most significantly machine learning models that identify patterns and
generate predictions. Humans cannot analyze the massive volumes of data being generated, so businesses
have no alternative but to automate.

There are two main types of machine learning. The first is supervised learning, in which training
examples have labels. For example, a sales forecasting model can use historical data with known outcomes
to learn which features matter. The second is unsupervised learning, where examples lack labels and
the algorithm finds interesting patterns by itself. Customer segmentation based on purchasing behavior
is an example of unsupervised learning, a technique that has also been applied to real-time strategic
decision-making in domains such as sports-news analytics [7]. Supervised learning is more commonly
employed for BI prediction tasks, while unsupervised learning is often used for BI data exploration and
segmentation.

Time series forecasting is one of the most common BI tasks. Sales data, stock prices, website visits,
and hospital admissions are all time series. The goal is to predict future values based on past patterns.
This sounds simple but becomes tricky because real data contains trends, seasonal patterns, holidays,
and random noise. A good forecasting model must separate signal from noise. A correlation-driven
framework for multivariate time series forecasting further illustrates how cross-series dependencies can
be exploited to improve prediction accuracy [14].

Financial forecasting has attracted substantial research because small improvements in accuracy
translate into large financial gains. Support Vector Machines (SVMs) have been used to predict stock
prices from historical trading data. The adaptive SVM approach adjusts its parameters when the market
changes, which happens often. Results on futures contracts from the Chicago Mercantile Exchange
showed better accuracy than basic SVMs. Recent work has extended this line of inquiry to emerging asset
classes, examining the limits of predictability in forecasting the stock returns of electric vehicle startups
[15], as well as the volatility, liquidity, and efficiency effects that the expansion of exchange-traded funds
has on underlying stocks [16].

Fuzzy logic methods can handle uncertainty that is difficult to model with traditional mathematical
approaches. Stock market data is affected by many uncertain factors, including news events, trader
sentiment, and macroeconomic indicators. A fuzzy time series model partitions the stock data into fuzzy
sets, where a point can have partial membership in multiple sets. Tests using the Taiwan Stock Exchange
Index and other major indices demonstrated that fuzzy methods outperformed conventional statistical
models. Similar fuzzy behavioral modeling has been used for adaptive decisioning in supply chain
analytics, where uncertainty in demand and logistics mirrors the uncertainty seen in financial markets
[17].
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Hybrid approaches combine multiple techniques for best results. One study combined a recurrent
neural network optimized through a genetic algorithm. The neural network learns patterns in the data,
while the genetic algorithm helps find good network weights in changing environments. The researchers
tested on 36 randomly selected companies from NYSE and NASDAQ. The hybrid approach outperformed
both individual methods in predictive power. Another hybrid approach fused regularized least squares
with fuzzy support vector regression. Regularized least squares has a convenient closed-form solution,
making it computationally efficient.

’ Time Series Data ‘

Figure 2: Typical time series forecasting pipeline in BI systems. Data flows from raw input through
preprocessing, model training, prediction, and evaluation.

Sales forecasting presents different challenges than finance. Internal factors like pricing and promotions
matter alongside external factors like the economy and weather. One study on printed circuit board
sales in Taiwan built a model combining genetic algorithms and neural networks. The features included
monthly sales amount and production square measures. Another study added consumer price index and
component demand to improve accuracy. In recurring-revenue businesses, a churn-aware forecasting
playbook built around guardrailed elasticity pricing shows how similar demand-sensitive models can
inform subscription pricing strategy [18].

Retail sales forecasting has received attention from researchers using fuzzy neural networks on
supermarket data. The method allowed incorporation of expert knowledge about promotions and holidays,
which pure data-driven models often miss. Automobile sales forecasting used an adaptive network-based
fuzzy inference system with economic variables like coincident and leading indicators. Testing on the
entire Taiwan automobile market showed good results for sedans and commercial vehicles.

Integrative data analysis combines data from different sources into a single analysis. This is especially
important as companies collect more types of data about their customers. A single data source rarely
tells the whole story. Looking only at stock prices would not reveal why a stock moved up or down; that
requires additional sources. News sentiment and trading volume provide additional signals. Multiple
kernel learning (MKL) is an effective approach for this integration. A practitioner assigns a kernel
function to each data source (e.g., price history, news articles, trading volume), and MKL learns the
optimal weighted combination. A related integrative philosophy underlies a unified machine learning
framework for enterprise portfolio forecasting, risk detection, and automated reporting, which combines
several predictive signals into a single governance-aware pipeline [19].

In stock market prediction, researchers found that combining historical prices with news and trading
volume improved volatility forecasts. Experiments on Hong Kong stock market data showed lower
prediction error with MKL than with single-source methods. Another study examined communication
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Table 2: Machine Learning Techniques Used in Business Intelligence Applications

Domain Method Strengths Weaknesses Typical BI Interpretability
Tasks
Finance Support Vector High predictive  Sensitive to pa- Stock predic- Medium
Machine accuracy rameter tuning  tion, volatility
forecasting
Finance Fuzzy Time Se- Models un- Rule construc- Financial fore- High
ries certainty tion can be com-  casting
effectively plex
Finance LSTM Captures long- Computationally Price forecast- Low
term temporal expensive ing
dependencies
Retail Random Forest Robust against Less effective Demand fore- Medium
overfitting for sequential casting
data
Retail Gradient Boost- Excellent pre- Long training Sales prediction Medium
ing dictive perfor- time
mance
Healthcare Neural Net- High nonlinear Requires large Patient monitor- Low
works modeling capa- datasets ing
bility
Healthcare Weighted Time Handles irregu- Limited scala- ICU monitoring High
Series lar observations  bility
Manufacturing  Autoencoder Anomaly detec- Requires care- Predictive main- Low
tion ful tuning tenance
Cross-domain  Multiple Kernel Integrates het- Computationally Multimodal an- Medium
Learning erogeneous data  intensive alytics
Cross-domain  Transformer Excellent Large computa- Forecasting, Low
Models long-range tional cost NLP-based BI
dependency
modeling

patterns on the internet alongside stock movements. Using MKL to combine time series data with news
frequency and comment statistics gave better predictions for Amazon, Microsoft, and Google stocks.

Biomedical applications also benefit from integration. Gene expression data, protein measurements,
and clinical records each tell part of the patient story. MKL has been used to prioritize disease-related
genes by fusing multiple genomic data types. Cancer subtype discovery used regularized unsupervised
MKL to find patient groups that single data types miss. Clinical decision support systems integrated
microarray and proteomics data to improve cancer diagnosis accuracy.

Remote sensing and satellite image classification show how MKL handles very different data types.
Hyperspectral images have many frequency bands, while LiDAR provides height information. Each data
type has its own kernel. The optimal combination depends on the classification task for distinguishing
trees from grass, spectral data works better; for identifying buildings, LIDAR works better. MKL learns
which kernel to trust for each class.

As BI systems become more powerful and accessible, keeping data under control becomes harder.
Data governance means having clear rules about who can do what with which data, spanning data
quality, security, privacy, and compliance concerns that have been formalized in conceptual governance
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frameworks [20]. A good governance framework lets people use data freely while preventing mistakes
and misuse. A bad one either blocks everything or allows chaos to reign.

The traditional approach to data governance was centralized. A central IT department owned all
the data. They decided what data meant, who could see it, and how it could be used. Business users
submitted requests and waited. This worked when data changed slowly and users had simple needs. But
self-service BI broke this model. Now business users want to connect their own data sources, build their
own reports, and share their findings without waiting for IT approval.

Self-service and governance are in real tension. Without careful controls, users may act irresponsibly,
preventing beneficial use of data a tension documented extensively among organizations implementing
self-service BI [3]. Different groups may define the same metric differently. A disconnected dirty data
source leads to reports that erode trust. People might circulate reports containing errors without anyone
noticing. However, if users are restricted too much, they will find workarounds.

Policy Definition

l

Data Quality

[

Security Controls

|

Metadata Mgmt

l

Compliance Monitoring

Figure 3: Data governance functions for next-generation BI systems. Policies drive quality, security,
metadata, and compliance monitoring.

The solution is not to pick one extreme but to design governance for the new reality. Metadata sharing
becomes critical. When business users create their own data definitions, those definitions need to be
registered and linked to official definitions. A sales report showing "revenue" should know whether that
means booked revenue, recognized revenue, or collected revenue. The system should track this lineage
automatically, an approach that has recently been formalized through executable metadata for governed,
interoperable data platforms [9].

Data quality management also needs to adapt. Traditional quality checks run during ETL, before data
enters the warehouse. But self-service users might bring their own data that never went through those
checks. The governance system needs to assess quality on the fly. A dataset from a known, trusted source
receives a high quality score. A CSV file attached to an email receives a low score unless the user provides
evidence of its provenance. Role definitions become more granular. The old model had data stewards
who owned everything and regular users who could only read approved reports, consistent with the roles
described in foundational treatments of self-service BI [2]. The new model requires more roles: executive
sponsors who provide funding and strategic direction; data quality boards who define frameworks and
control implementation; chief stewards who put board decisions into practice; business data stewards who
detail quality standards for their areas; and technical data stewards who provide standardized definitions
and explain system flows.

A maturity model helps organizations understand their governance posture. The lowest level has no
governance everyone does whatever they want. The next level has basic policies but no enforcement. Higher
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levels have automated controls and measurement. The highest level integrates governance seamlessly with
BI so that users barely notice its existence. Industry frameworks such as those from the Data Governance
Institute and vendors like Oracle describe such maturity models, though specific empirical validation
remains an open research question, consistent with gaps identified in recent state-of-the-art overviews of
self-service BI and analytics [10].

Several challenges remain. External data sources multiply the governance burden. A company might
pull data from fifty different APIs, each with its own format and quality level. Keeping track of what
came from where becomes a full-time job. User participation adds another layer. When business analysts
transform data themselves, the system needs to log every transformation. Data lineage must extend beyond
IT-controlled processes into user-driven analysis.

Healthcare illustrates the full complexity of next-generation BI. Hospitals generate enormous amounts
of data from many sources. Electronic health records hold patient demographics, medical histories, lab
results, and medication lists. Monitoring devices produce continuous streams of vital signs heart rate,
blood pressure, oxygen saturation, respiratory rate. Imaging systems create large files from X-rays, CT
scans, and MRIs. All this data must be integrated to support clinical decisions, a challenge that closely
parallels efforts to leverage big data for precision medicine and pharmacogenomics, where genomic,
clinical, and treatment-response data must likewise be fused into a single decision-support view [21].

The intensive care unit (ICU) represents the extreme case. A single ICU bed has multiple monitors
connected to the patient. An electrocardiogram tracks heart activity. A blood pressure cuff inflates every
few minutes. A pulse oximeter clips onto a finger to measure oxygen. A ventilator pushes air in and out.
Each device generates data continuously. For a patient in severe condition, the data rate can reach several
kilobits per second. Multiply by ten beds in a unit, and the data volume becomes substantial.

Traditional ICU monitoring uses threshold alarms. When heart rate exceeds 120 or blood pressure
drops below 90, an alarm sounds. This seems reasonable, but it generates enormous numbers of false
alarms. One study in a pediatric ICU found that 92 percent of alarms were false. Another study in
a medical ICU recorded all alarms for 38 patients over time; only 17 percent were clinically relevant.
Forty-four percent were technically false caused by a loose lead or a patient moving. Data-driven methods
for identifying irregular patterns offer a complementary technique for distinguishing clinically meaningful
deviations from routine sensor noise [8].

False alarms create real problems. Nurses learn to ignore alarms that sound constantly, a phenomenon
called alarm fatigue. When a real emergency occurs, response may be slower because everyone has tuned
out the noise. Patients suffer from sleep disruption and anxiety. The Joint Commission, which accredits
hospitals, lists alarm fatigue as a top patient safety concern. Better analytics could help by filtering out
false alarms and alerting only when something truly matters.

Next-generation BI can improve ICU monitoring by integrating multiple data streams. Instead of
looking at heart rate alone, the system combines heart rate with blood pressure, oxygen saturation, and
respiratory rate. A high heart rate with normal blood pressure and good oxygen saturation might not need
an alarm. A high heart rate with dropping blood pressure and falling oxygen saturation probably does.
Machine learning models can learn these patterns from historical data, becoming much more specific
than simple thresholds.

Real-time processing is critical in the ICU. When a patient begins to crash, every second counts. The

BI system must analyze streaming data as it arrives, not in batch jobs that run every hour. Operational BI

https://journals.femington.com/ijambi Int. J. Adapt. Manag. Bus. Intell.



10 A. Yadava

Table 3: Characteristics of Data Sources in Intelligent ICU Monitoring Systems

Data Source Data Type Frequency Volume Analytical Pur- Challenges
pose

ECG Monitor Time Series Continuous Very High Arrhythmia de- Noise and arti-
tection facts

Blood Pressure  Time Series 1-5 min Medium Hemodynamic  Calibration
assessment drift

Pulse Oximeter Time Series Continuous High Hypoxia detec- Motion artifacts
tion

Ventilator Time Series Continuous High Respiratory Device synchro-
monitoring nization

Laboratory Re- Structured Every few Low Clinical diagno- Delayed avail-

sults hours sis ability

Electronic Structured Per admission Medium Patient history = Data  hetero-

Health Records geneity

Medication Structured Event-driven =~ Medium Treatment mon- Incomplete doc-

Records itoring umentation

Nursing Notes ~ Unstructured  Periodic Medium Clinical inter- Natural lan-

Text pretation guage ambigu-
ity

Medical Imag- Images Event-driven ~ Very High Disease diagno- Large storage re-

ing sis quirements

Wearable Sen- Streaming Continuous High Remote patient Connectivity is-

sors monitoring sues

techniques apply directly. The same in-memory databases and hybrid architectures that support financial
trading can support clinical monitoring. The latency requirements are actually stricter a stock trade can
wait a few hundred milliseconds, but a patient in respiratory distress cannot. Sensor integration presents
technical challenges. Medical devices use different protocols. Some output data over serial cables. Others
use proprietary wireless connections. Getting all data into a common format requires interface engines
that translate between protocols. Once unified, the data needs timestamps synchronized across devices. A
heart rate reading from one monitor and a blood pressure reading from another must align to the same
moment in time.

The output of ICU analytics can take different forms. One approach sends alerts to a central monitoring
station, where a nurse watches multiple patients. Another approach pages the attending physician when
conditions meet certain criteria. A more advanced system might suggest specific interventions: "Patient
shows signs of sepsis; consider broad-spectrum antibiotics" or "Low urine output with rising creatinine;
check for acute kidney injury." Similar automated-reporting pipelines developed for enterprise risk
detection could plausibly be adapted to generate structured, prioritized clinical alerts of this kind [19].
Data governance in healthcare adds another layer of complexity. Patient data is protected by laws like
HIPAA. Access logs must track every person who views a record. Data used for research requires
de-identification. Yet the same data used for real-time monitoring must be available instantly to clinical
staff. Balancing access and privacy requires careful policy design and technical controls.

Early results from integrated ICU monitoring are promising. Systems that combine vital signs with
lab results and clinical notes have reduced false alarm rates significantly. Some studies report cutting
alarms by 80 percent while maintaining sensitivity for real events. Nurses report less fatigue and more
confidence in responding to alerts. Patients get better sleep. The technology is still maturing, but the
direction is clear: next-generation BI can save lives, not just improve profit margins.
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Business intelligence has changed more in the past decade than in the previous thirty years. The shift from
historical reporting to real-time analysis has forced changes at every level of the stack. Databases evolved
from disk-oriented OLTP and OLAP silos to in-memory systems that handle mixed workloads. Analytics
moved from simple aggregation to sophisticated machine learning models. Governance expanded from
central control to frameworks that balance freedom with oversight.

Operational BI, situational BI, and self-service BI each address real needs. Operational BI reduces
latency from days to seconds. Situational BI brings external data into the decision process, an idea
reinforced by recent work linking social media discourse for example, Twitter activity to real-world
outcomes such as renewable energy and solar panel adoption [22]. Self-service BI delivers analytical
power to business users. None of these problems is fully solved. Each continues to evolve as hardware
gets faster and software becomes smarter.

Several challenges remain open. Mixed workload management still has room for improvement. Even
the best hybrid systems show some performance degradation when analytical and transactional queries run
together. Hardware trends will help faster memory, non-volatile RAM, and more cores reduce contention
but software techniques must keep pace.

Integrative data analysis faces the problem of heterogeneous data at scale. Multiple kernel learning
works well for moderate-sized problems but does not scale to billions of records. New methods that
combine the theoretical guarantees of kernel methods with the scalability of deep learning could bridge
this gap. Tensor-based approaches show promise for multi-source data that has natural higher-order
structure, and network-embedding techniques that reveal hidden structure in large, heterogeneous data
ecosystems may offer a further complementary direction for mapping relationships across federated Bl
deployments [11].

Data governance for self-service Bl remains an active research area. How can I give users freedom
while maintaining data quality? How can I track lineage across user-driven transformations? How can I
build metadata systems that work for both IT professionals and business analysts? These questions do not
have simple answers, but they matter more as BI becomes more democratized.

Healthcare applications will likely drive much of the next wave of BI innovation. The potential impact
is huge better outcomes, lower costs, saved lives. But the constraints are also severe. Privacy regulations,
liability concerns, and the need for explainability make healthcare a challenging test case. Systems that

work in healthcare will work anywhere.

[1] S.S. Palli. Real-time data integration architectures for operational business intelligence in global
enterprises. International Journal of Scientific Research in Computer Science, Engineering and
Information Technology (IJSRCSEIT), 9(1):361-371, 2023.

[2] P. Alpar and M. Schulz. Self-service business intelligence. Business & Information Systems
Engineering, 58(2):151-155, 2016.

[3] C. Lennerholt, J. Van Laere, and E. Soderstrom. Implementation challenges of self service business
intelligence: A literature review, 2018.

[4] Muneeb Uddin Syed. Semantic synthesis of analytical pipelines: Automated workflow composition
for predictive data science, 2026. URL https://doi.org/10.67231/bacgl1854. Data Science.

https://journals.femington.com/ijambi Int. J. Adapt. Manag. Bus. Intell.



12

A. Yadava

[5]

[6]

[8]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

Meet Amin. Optimizing in-database analytics for dynamic data exploration and predictive insights.
In Proceedings of the International Conference, 2026. doi: 10.2991/978-94-6239-674-6_6. URL
https://doi.org/10.2991/978-94-6239-674-6_6.

Tushita Agarwal. Visual pathways to data preparedness: Empowering ai projects through insight-
ful analytic visualization, 2025. URL https://doi.org/10.36227/techrxiv.175832480.
02114963/v1.

Pratik Dhameliya. Leveraging unsupervised learning for real-time insights: Revolutionizing sports
news analysis for strategic decision-making. In 2026 International Conference on Intelligent
Robotics, Control and Automation (ICIRCA), 2026. doi: 10.1109/ICIRCA69024.2026.11570266.
URL https://doi.org/10.1109/ICIRCA69024.2026.11570266.

Parth Raichur. Data-driven identification of irregular patterns. In Proceedings of the IEEE Conference,
2025. doi: 10.1109/11377690. URL https://ieeexplore.ieee.org/document/11377690.

Jayant Jai. Executable metadata for governed, interoperable data platforms. In 2026 Interna-
tional Conference on Intelligent Computing, Information Processing and Technology Management
(ICIPTM), 2026. doi: 10.1109/ICIPTM69057.2026.11466030. URL https://doi.org/10.
1109/ICIPTM69057.2026.11466030.

S. Michalczyk, M. Nadj, D. Azarfar, A. Maedche, and C. Groger. A state-of-the-art overview and
future research avenues of self-service business intelligence and analytics, 2020.

Akhil Veluru. Mapping scientific frontiers: Network embeddings reveal hidden structures in global
research mobility, 2025. URL https://doi.org/10.31224/5013.

J. Giceva and M. Sadoghi. Hybrid OLTP and OLAP, 2019.

A. Kemper and T. Neumann. HyPer: A hybrid OLTP&OLAP main memory database system based
on virtual memory snapshots. In 2011 IEEE 27th International Conference on Data Engineering,
pages 195-206. IEEE, April 2011.

Drishti Idnani. A correlation-driven framework for multivariate time series forecasting. In
Proceedings of the IEEE Conference, 2025. doi: 10.1109/11051536. URL https://ieeexplore.
ieee.org/document/11051536.

Rohit Puranik. Forecasting stock returns of electric vehicle startups: Limits of predictability. In 2025
International Conference on Innovative Trends in Information Technology, Electronics and Intelligent
Communication Systems (ICITEICS), 2025. doi: 10.1109/ICITEICS64870.2025.11341464. URL
https://doi.org/10.1109/ICITEICS64870.2025.11341464.

Shanti Dhami. The expansion of exchange-traded funds and their unintended effects on un-
derlying stocks: A study of volatility, liquidity, and efficiency. In Lecture Notes in Net-
works and Systems. Springer, 2025. doi: 10.1007/978-3-031-99477-7_18. URL https:
//doi.org/10.1007/978-3-031-99477-7_18.

Apeksha Bhuekar. Ai in supply chain analytics: Adaptive decisioning via fuzzy behavioral models,
2025. URL https://doi.org/10.20944/preprints202512.2618.v1.

Int. J. Adapt. Manag. Bus. Intell. https://journals.femington.com/ijambi



The Evolving Architecture of Insight: A Holistic Survey of Next-Generation Business . . . 13

[18]

[19]

[20]

[21]

[22]

Deepit Sapru. Guardrailed elasticity pricing: A churn-aware forecasting playbook for subscription
strategy, 2025. URL https://doi.org/10.48550/arXiv.2512.20932.

Ashutosh Agarwal. A unified machine learning framework for enterprise portfolio forecasting, risk de-
tection, and automated reporting, 2025. URL https://doi.org/10.20944/preprints202511.
2006.v2.

R. Abraham, J. Schneider, and J. Vom Brocke. Data governance: A conceptual framework, structured

review, and research agenda. International Journal of Information Management, 49:424-438, 2019.

Nuthan Manish Ratnam Dokka. Leveraging big data for advancements in precision medicine and
pharmacogenomics. In 2025 International Conference on Advanced Computing and Technology
(ICoACT), 2025. doi: 10.1109/ICoACT63339.2025.11004695. URL https://doi.org/10.
1109/ICoACT63339.2025.11004695.

Vinaykumar Chitukoori. Linking social media discourse with renewable energy adoption: A
data-driven analysis of twitter activity and solar panel installations in australia. Journal of Electrical
Systems, 2025. doi: 10.36190/2025.47. URL http://doi.org/10.36190/2025.47.

https://journals.femington.com/ijambi Int. J. Adapt. Manag. Bus. Intell.



