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Abstract 
In the era of data-driven enterprises, analytics engineering has emerged as a pivotal discipline 

for transforming raw data into actionable insights that inform operational decision-making. This 

paper systematically reviews recent advances in analytics engineering practices, focusing on the 

application of leading business intelligence (BI) platforms such as Tableau, Astrato, and Power 

BI. By synthesizing peer-reviewed research, technical reports, and real-world case studies 

published between 2016 and 2024, this review highlights how analytics engineering is reshaping 

operational strategies across industries. Our findings reveal that modern analytics engineering 

emphasizes modular data transformations, scalable semantic modeling, real-time data 

integration, and user-centric dashboard development. Tableau’s visual analytics innovations, 

Astrato’s cloud-native architecture for live data modeling, and Power BI’s robust data 

preparation and AI augmentation tools are collectively driving significant improvements in 

decision-making speed, accuracy, and agility. Key techniques include automated data pipelines, 

transformation-as-code frameworks, dynamic aggregation layers, and embedded predictive 

analytics within dashboards. Despite these advancements, challenges remain in managing data 

quality, ensuring model scalability, and balancing self-service analytics with centralized 

governance. Organizations often face difficulties integrating disparate data sources, maintaining 

version control over analytic models, and providing accessible, trustworthy insights at scale. 

Innovative solutions are emerging, such as version-controlled data transformation layers, 

metadata-driven semantic modeling, data observability tools, and low-code/no-code platforms 

that enable business users to participate more actively in analytics workflows. The integration 

of AI for anomaly detection, natural language queries, and personalized recommendations 

further enhances the operational impact of analytics engineering. This paper concludes by 

proposing future research directions, including the development of standardized analytics 

engineering frameworks, scalable real-time analytics architectures, and human-centered design 

principles for operational BI. Mastering these evolving analytics engineering practices will be 

critical for organizations aiming to maintain competitiveness, operational excellence, and 

strategic foresight in increasingly dynamic market environments. 
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1. Introduction 

In today's fast-paced and competitive business environment, the rise of data-driven operational decision-making has 

fundamentally reshaped how organizations function and compete.
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No longer confined to strategic planning alone, data is now a 

critical driver of everyday operational choices, informing 

everything from supply chain adjustments and workforce 

allocation to customer engagement and risk management 

(Akinyemi & Ebiseni, 2020, Austin-Gabriel, et al., 2021, 

Dare, et al., 2019). The proliferation of real-time data 

streams, the demand for rapid adaptability, and the pressure 

to optimize resources in uncertain markets have placed 

operational decision-making at the center of organizational 

success. In this new paradigm, the ability to rapidly transform 

raw data into actionable insights is not merely 

advantageous—it is essential. 

The emergence of analytics engineering as a critical 

discipline reflects this shift toward operational agility. 

Analytics engineering bridges the gap between traditional 

data engineering and business intelligence by focusing on the 

transformation, modeling, and preparation of high-quality, 

analysis-ready datasets. It emphasizes modular, scalable, and 

version-controlled practices that enable data to be 

consistently and reliably consumed by business users without 

requiring deep technical expertise (Adeniran, Akinyemi & 

Aremu, 2016, Ilori & Olanipekun, 2020, James, et al., 2019). 

This discipline empowers organizations to build robust and 

flexible data pipelines that can adapt quickly to changing 

operational needs, ensuring that the insights driving day-to-

day decisions are timely, accurate, and contextually relevant. 

Analytics engineers act as the architects of trusted 

information layers, ensuring that operational teams—from 

finance and logistics to marketing and customer support—

can rely on data without ambiguity or delay. 

Business intelligence (BI) tools such as Tableau, Astrato, and 

Power BI play a pivotal role in operationalizing the outputs 

of analytics engineering efforts. These tools have evolved 

into sophisticated platforms capable of dynamic 

visualization, self-service analytics, and real-time 

dashboarding, providing operational teams with intuitive 

access to complex datasets. Tableau’s powerful visualization 

capabilities allow users to explore data interactively, 

revealing hidden patterns and trends that inform immediate 

actions (Akinyemi & Ezekiel, 2022, Attah, et al., 2022). 

Astrato, a newer entrant leveraging direct query capabilities 

and cloud-native architectures, pushes the boundaries of real-

time decision-making by connecting users directly to live 

data without heavy infrastructure. Power BI, with its 

seamless integration across Microsoft’s ecosystem, 

democratizes analytics through familiar interfaces and robust 

governance frameworks, enabling both technical and non-

technical users to create and share insights easily. Together, 

these BI tools translate the technical achievements of 

analytics engineering into tangible, operational value, 

accelerating response times and improving the quality of 

organizational decisions. 

The objectives and scope of this study are to systematically 

explore recent advances in analytics engineering that have 

enhanced operational decision-making through the 

integration of Tableau, Astrato, and Power BI. This study 

seeks to examine how the convergence of agile data 

transformation practices and modern BI technologies is 

enabling organizations to embed analytics deeper into their 

operational processes (Akinyemi & Abimbade, 2019, Lawal, 

Ajonbadi & Otokiti, 2014, Olanipekun & Ayotola, 2019). It 

aims to identify key innovations, best practices, and 

challenges encountered in building scalable, real-time, and 

user-centric data systems that directly support operational 

objectives. By synthesizing insights across platforms and 

practices, the study will provide a comprehensive 

understanding of how analytics engineering is transforming 

operational decision-making and offer strategic 

recommendations for organizations seeking to strengthen 

their data-driven capabilities in an increasingly dynamic and 

data-saturated environment. 

 

2. Methodology 
The methodological approach for this study followed the 

PRISMA (Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses) framework to ensure the rigorous 

selection and synthesis of empirical and conceptual literature 

on advances in analytics engineering for operational 

decision-making using Tableau, Astrato, and Power BI. The 

initial step involved a comprehensive identification of 

sources from peer-reviewed journals, conference 

proceedings, and technical reports that discuss the integration 

of analytics tools into operational frameworks. Databases 

such as Google Scholar, Scopus, IEEE Xplore, and 

institutional repositories were queried using search terms like 

“analytics engineering”, “decision-making tools”, “Tableau 

in operations”, “Power BI for performance optimization”, 

and “Astrato dashboards”. This search yielded a total of 157 

records, including grey literature and working papers. 

After the identification stage, a rigorous screening process 

was applied to exclude duplicates and non-relevant materials. 

Articles that did not focus on operational decision-making or 

failed to reference the use of at least one of the analytics 

platforms in a business or technical context were removed. 

This phase reduced the records to 96. Full-text eligibility 

assessment followed, where remaining studies were 

scrutinized for methodological rigor, relevance to the 

research questions, and empirical evidence of 

implementation or framework proposals. This stage applied 

inclusion criteria such as demonstration of tool integration 

into organizational workflows, statistical or business 

intelligence analyses using visual platforms, and operational 

impacts like efficiency, forecasting, and strategic 

responsiveness. 

The final selection included 41 studies deemed most relevant 

and robust. These included works by Abimbade et al. (2016; 

2023), Adepoju et al. (2023), Adediran et al. (2022), 

Adewumi et al. (2023), Otokiti (2023), and others that 

explored innovative use of data visualization tools in 

operational settings. Studies employing Tableau for business 

KPIs, Power BI for strategic dashboards, and Astrato for real-

time decision support were emphasized. The included studies 

offered both qualitative insights and quantitative metrics 

related to organizational performance, cost optimization, 

customer behavior analytics, and process efficiency. 

The data extracted from the final studies were synthesized 

using a thematic narrative analysis to develop a unified 

framework for operational decision-making through 

analytics engineering. Key patterns were identified such as 

the application of dashboards for real-time monitoring, the 

embedding of AI for predictive analytics, and the integration 

of collaborative decision-making environments supported by 

visual interfaces. Ethical considerations, especially 

concerning the proprietary use of organizational data, were 

also examined across the literature. The resulting synthesis 

serves to inform policy, education, and business sectors on 

how to effectively leverage modern analytics platforms for 

enhanced operational outcomes. 
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Fig 1: PRISMA Flow chart of the study methodology 
 

2.1 Conceptual Framework of Analytics Engineering 
Analytics engineering represents a pivotal evolution in the 

landscape of data-driven decision-making, arising from the 

need to bridge the persistent gap between traditional data 

engineering and business intelligence. At its core, analytics 

engineering is the discipline of transforming raw, often 

disparate, datasets into reliable, analysis-ready forms through 

systematic, modular, and automated processes (Chukwuma-

Eke, Ogunsola & Isibor, 2022, Olojede & Akinyemi, 2022). 

It is grounded in principles of software engineering, 

emphasizing reproducibility, scalability, and collaboration 

while being tailored to the unique demands of business 

intelligence and operational decision support. Unlike 

traditional data engineering, which often prioritizes data 

ingestion, storage, and system scalability, analytics 

engineering focuses on shaping data into curated, trusted 

assets that can be directly leveraged by business users 

through tools like Tableau, Astrato, and Power BI. This 

evolution was catalyzed by the growing complexity of data 

environments and the urgent need for faster, more reliable 

pathways from data acquisition to actionable insights. Figure 

2 shows the Research Model presented by Ahmed, Shaheen 

& Philbin, 2022. 

 

 
 

Fig 2: Research Model (Ahmed, Shaheen & Philbin, 2022). 

 

The history of analytics engineering can be traced to the 

challenges posed by early data warehousing models, where 

rigid ETL (Extract, Transform, Load) pipelines and 

centralized, IT-controlled reporting systems created 

bottlenecks between technical teams and business 

stakeholders. As businesses demanded greater agility and 

real-time decision-making capabilities, it became evident that 

a new approach was necessary—one that could 

operationalize data transformations closer to the consumption 

layer while retaining engineering rigor (Ajonbadi, et al., 

2014, Akinyemi & Ebimomi, 2020, Lawal, Ajonbadi & 

Otokiti, 2014). The rise of cloud-native data platforms, 

scalable compute resources, and collaborative development 

tools enabled this shift, giving birth to analytics engineering 

as a distinct practice. It formalized the recognition that 

preparing data for analysis is a specialized function requiring 

both technical sophistication and business context 

understanding, demanding new skill sets, frameworks, and 

methodologies distinct from those of traditional data 

engineering. 

The conceptual framework of analytics engineering is built 

around three core components: modular transformations, 

semantic modeling, and pipeline automation. Modular 

transformations lie at the heart of analytics engineering. 

Instead of constructing monolithic, opaque data 

transformation scripts that are difficult to debug, update, or 

reuse, analytics engineering decomposes transformation 

logic into small, manageable units. Each transformation 

serves a specific purpose—whether cleansing, enriching, 

aggregating, or structuring data—and is designed to be 

composable within broader workflows (Akinyemi, 2013, 

Nwabekee, et al., 2021, Odunaiya, Soyombo & Ogunsola, 
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2021). Modular approaches promote reusability, facilitate 

parallel development, and simplify testing, versioning, and 

deployment. In the context of operational decision-making, 

modular transformations ensure that operational dashboards 

and analytics applications like Tableau, Astrato, and Power 

BI are powered by clear, dependable data pipelines that can 

adapt quickly to changing business requirements. Lousa, 

Pedrosa & Bernardino, 2019, presented Arquitetura do 

QlikView as shown in figure 3. 

 

. 
 

Fig 3: Arquitetura do QlikView (Lousa, Pedrosa & Bernardino, 2019). 

 

Semantic modeling constitutes another foundational pillar of 

analytics engineering. Semantic models define the business 

meaning of data elements, relationships, and metrics, creating 

a layer of abstraction between raw technical data structures 

and user-facing analytical interfaces. Through semantic 

models, concepts such as "revenue," "customer churn," or 

"inventory turnover" are consistently defined across reports, 

dashboards, and analytical queries, eliminating ambiguity 

and promoting organizational alignment. In analytics 

engineering, semantic modeling is often implemented using 

tools like dbt (data build tool) or natively within BI platforms 

like Power BI’s semantic layer (Akinyemi & Oke-Job, 2023, 

Austin-Gabriel, et al., 2023, Chukwuma-Eke, Ogunsola & 

Isibor, 2023). It ensures that operational teams interact with 

familiar business terms rather than raw database tables or 

cryptic field names, enabling more intuitive and accurate 

decision-making. By embedding semantic consistency into 

the data layer, analytics engineers provide a strong 

foundation for scalable, self-service analytics ecosystems 

across multiple BI platforms. 

Pipeline automation is the third essential component of the 

analytics engineering framework. Manual execution of data 

transformation processes introduces delays, inconsistencies, 

and risks, particularly in environments where data is updated 

frequently or operational decisions depend on real-time 

insights. Analytics engineering embraces automation through 

the use of CI/CD (Continuous Integration/Continuous 

Deployment) pipelines, scheduled workflows, and 

orchestrated data transformation jobs (Akinyemi, 2018, 

Olaiya, Akinyemi & Aremu, 2017, Olufemi-Phillips, et al., 

2020). Tools like dbt Cloud, Airflow, or cloud-native 

orchestration services trigger transformations based on 

events or schedules, validate model integrity through 

automated testing, and deploy updated data assets seamlessly. 

Automation ensures that operational dashboards powered by 

Tableau, Astrato, and Power BI are consistently refreshed 

with the latest trusted data, enabling decision-makers to 

respond swiftly to emerging trends, operational anomalies, or 

market changes. Figure of Arquitetura do Tableau Lousa, 

Pedrosa & Bernardino, 2019, is shown in figure 4. 
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Fig 4: Arquitetura do Tableau (Lousa, Pedrosa & Bernardino, 2019). 

 

Understanding the difference between traditional BI and 

modern analytics engineering is crucial for appreciating the 

transformative impact of this new discipline. Traditional BI 

systems were typically characterized by static reporting 

structures managed by centralized IT teams. Reports were 

generated based on predefined specifications, with limited 

flexibility to accommodate new questions or evolving 

business needs (Ajonbadi, et al., 2015, Akinyemi & 

Ojetunde, 2020, Olanipekun, 2020, Otokiti, 2017). Data 

transformations occurred deep within ETL processes, often 

opaque to end-users, making it difficult to trace data lineage 

or validate calculations. The feedback loop between business 

users and technical teams was slow, leading to frustrated 

analysts, delayed insights, and missed opportunities for agile 

decision-making. Moreover, traditional BI systems often 

struggled to scale effectively in the face of increasing data 

volumes, diverse data sources, and the growing demand for 

real-time or near-real-time analytics. 

Modern analytics engineering, in contrast, empowers 

organizations to build agile, transparent, and scalable data 

ecosystems that are tightly integrated with operational 

decision-making. By shifting transformation logic closer to 

the consumption layer, promoting modularity, embedding 

semantic clarity, and automating the transformation lifecycle, 

analytics engineering enables a much faster, more responsive 

feedback loop between data producers and data consumers 

(Abimbade, et al., 2016, Akinyemi & Ojetunde, 2019, 

Olanipekun, Ilori & Ibitoye, 2020). Business users no longer 

have to wait weeks or months for IT-controlled reports; 

instead, they can explore fresh, trusted datasets directly 

within tools like Tableau, Astrato, and Power BI, creating and 

iterating on insights at the speed of business. Data lineage is 

transparent, tests and validations are automated, and changes 

to models can be deployed rapidly and safely through 

version-controlled workflows. 

This fundamental shift has significant implications for 

operational decision-making. When operational leaders can 

access reliable, real-time data visualizations tied to trusted 

models, they can make informed decisions with greater 

confidence and speed. Whether adjusting inventory levels 

based on real-time sales trends, reallocating customer service 

resources based on live support ticket volumes, or optimizing 

marketing campaigns in response to fresh engagement 

metrics, the ability to act quickly on accurate data becomes a 

strategic differentiator (Aina, et al., 2023, Dosumu, et al., 

2023, Odunaiya, Soyombo & Ogunsola, 2023). Furthermore, 

because analytics engineering integrates engineering best 

practices into the data lifecycle, it ensures that these 

capabilities are sustainable, scalable, and resilient even as 

organizational complexity grows. 

The platforms examined in this study—Tableau, Astrato, and 

Power BI—have each embraced the analytics engineering 

ethos in different but complementary ways. Tableau’s 

dynamic visualization and exploration capabilities thrive on 

high-quality, modular data models. Astrato’s live-query 

cloud architecture reflects the need for minimal-latency, 

automated pipelines and semantically rich datasets. Power 

BI’s integration with Microsoft’s data services ecosystem 

enables a seamless blending of semantic modeling, 

automation, and user-friendly analytics (Akinyemi, Adelana 

& Olurinola, 2022, Ibidunni, et al., 2022, Otokiti, et al., 

2022). In all cases, the convergence of advanced analytics 

engineering practices with powerful BI tools unlocks new 

levels of operational intelligence, democratizing data access 

and empowering a wider range of decision-makers 

throughout the organization. 

In summary, the conceptual framework of analytics 

engineering represents a profound advancement in the way 

data is prepared, modeled, and delivered for operational 

decision-making. By embracing modular transformations, 

semantic modeling, and pipeline automation, analytics 

engineering transforms static, reactive BI environments into 

agile, proactive, and highly scalable decision-support 

systems (Chukwuma-Eke, Ogunsola & Isibor, 2022, Muibi & 
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Akinyemi, 2022). The contrast with traditional BI approaches 

is stark and decisive: where traditional systems often created 

bottlenecks and opacity, modern analytics engineering 

fosters agility, transparency, and trust. As operational 

decision-making continues to demand faster, more reliable 

insights, analytics engineering will remain at the forefront of 

enabling organizations to translate data into decisive, 

impactful action. 

 

2.2 Advances in Analytics Engineering Using Tableau 
Tableau has long been a pioneer in the business intelligence 

space, and its role in advancing analytics engineering 

practices is both profound and evolving. As operational 

decision-making increasingly demands fast, dynamic, and 

user-friendly access to trusted data, Tableau’s innovations in 

visual analytics have reshaped how organizations approach 

the intersection of data modeling, transformation, and 

analysis. Unlike traditional BI platforms that treated 

visualization as a final reporting step, Tableau introduced an 

interactive, exploratory approach to analytics, enabling users 

to engage deeply with their data, ask new questions in real-

time, and uncover insights that were previously hidden in 

static reports (Akinyemi & Aremu, 2010, Nwabekee, et al., 

2021, Otokiti & Onalaja, 2021). This shift toward visual, self-

directed analysis aligns perfectly with the principles of 

modern analytics engineering, where the goal is to prepare 

data in modular, high-quality forms that can empower 

business users to act without depending on technical 

gatekeepers. 

Tableau’s visual analytics innovations extend beyond simple 

charts and graphs. Features such as dynamic dashboards, 

parameter-driven interactions, and advanced visual 

calculations allow users to manipulate dimensions, measures, 

and filters seamlessly. With drag-and-drop interfaces that 

maintain semantic clarity, Tableau lowers the technical 

barrier to analytical exploration, enabling operational 

teams—from supply chain managers to customer service 

leads—to investigate trends, patterns, and anomalies directly 

(Adediran, et al., 2022, Babatunde, Okeleke & Ijomah, 

2022). This democratization of analytics enhances 

organizational agility, but it also raises the stakes for 

analytics engineering: the quality, consistency, and structure 

of underlying data must be meticulously managed to ensure 

that user-driven exploration leads to correct and actionable 

conclusions. In this sense, Tableau’s visual innovations have 

heightened the need for robust, modular transformation 

pipelines that produce clean, well-modeled data ready for 

real-time interaction. 

One of Tableau’s most significant contributions to real-time 

operational decision-making is its advancement in real-time 

data blending and the evolution of hyper extracts. Traditional 

BI systems often required full data loads or extensive pre-

aggregation before visualizations could be rendered, 

introducing latency and rigidity. Tableau’s real-time data 

blending capabilities allow users to connect to multiple data 

sources simultaneously and combine them dynamically at 

query time (Akinyemi, 2022, Akinyemi & Ologunada, 2022, 

Okeleke, Babatunde & Ijomah, 2022). This means 

operational dashboards can pull live information from CRM 

systems, ERP platforms, cloud databases, and other sources 

without the need to physically integrate all data beforehand. 

For analytics engineers, this flexibility demands careful 

attention to source system structure, transformation 

consistency, and metadata alignment to ensure that blended 

datasets remain coherent and performant under real-time 

demands. 

Hyper extracts represent another transformative 

advancement, enabling Tableau to balance the competing 

demands of speed, scalability, and interactivity. Hyper, 

Tableau’s high-performance in-memory data engine, allows 

massive datasets to be extracted, compressed, and queried 

with exceptional efficiency. This innovation reduces the time 

it takes to interact with large datasets, making operational 

dashboards highly responsive even when dealing with 

millions of rows of data (Akinyemi & Ojetunde, 2023, 

Dosumu, et al., 2023, George, Dosumu & Makata, 2023). 

Analytics engineering workflows increasingly design 

transformations specifically with hyper extracts in mind, 

optimizing data models to minimize extract size while 

maximizing analytical utility. Strategies such as incremental 

extract refreshes, materialized aggregation tables, and 

modular extract design are employed to ensure that Tableau 

dashboards remain fast and responsive while maintaining up-

to-date and trustworthy data. 

Integration with transformation workflows, particularly 

through tools like Tableau Prep, further exemplifies 

Tableau’s commitment to embedding analytics engineering 

principles directly into its ecosystem. Tableau Prep enables 

users to perform data cleansing, shaping, and enrichment 

tasks in a visual, intuitive environment, bridging the gap 

between raw data sources and analysis-ready datasets. Unlike 

traditional ETL tools that often require deep technical 

expertise, Tableau Prep offers a user-friendly interface that 

makes transformation logic transparent, inspectable, and 

easily modifiable (Adewumi, et al., 2023, Akinyemi & Oke-

Job, 2023, Ibidunni, William & Otokiti, 2023). It allows both 

technical users and advanced analysts to design modular 

transformation workflows that can be scheduled and 

orchestrated as part of broader data pipelines. For analytics 

engineers, Tableau Prep serves as both a rapid prototyping 

tool and a production-grade transformation layer, ensuring 

that the datasets feeding Tableau dashboards are aligned with 

business definitions, quality standards, and operational 

timeliness requirements. 

The ability to embed Tableau Prep workflows into automated 

pipelines via Tableau Prep Conductor—an extension of 

Tableau Server and Tableau Cloud—further strengthens 

pipeline automation practices. Transformations defined in 

Tableau Prep can be scheduled, monitored, and orchestrated 

within broader enterprise workflows, enabling continuous 

integration and deployment (CI/CD) methodologies for data 

pipelines (Chukwuma-Eke, Ogunsola & Isibor, 2022, 

Kolade, et al., 2022). As a result, data engineering and 

analytics engineering teams can maintain tight control over 

data quality and freshness, while operational teams benefit 

from always-available, always-trusted analytical insights 

without needing to manage underlying complexities 

themselves. 

Beyond data preparation and visualization, Tableau has also 

innovated in the embedding of predictive analytics and 

natural language capabilities directly into its platform. These 

features reflect the growing convergence of traditional BI 

with machine learning and artificial intelligence, expanding 

the role of analytics engineering into more advanced 

domains. Tableau’s integration with predictive modeling 

tools—such as R, Python, and Einstein Discovery—allows 

users to embed predictive models directly within dashboards 

(Abimbade, et al., 2017, Aremu, Akinyemi & Babafemi, 
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2017). Forecasts, classification scores, clustering results, and 

other machine learning outputs can be visualized alongside 

historical and real-time data, enabling operational teams to 

move beyond descriptive analytics into predictive and 

prescriptive insights. 

This integration requires careful analytics engineering to 

ensure that predictive models are trained on curated, trusted 

datasets and that model outputs are updated and surfaced 

appropriately in operational dashboards. Transformations 

must include not only traditional data cleansing and 

aggregation steps but also feature engineering, model 

scoring, and anomaly detection layers that feed predictive 

insights seamlessly into Tableau’s visual environments 

(Afolabi, et al., 2023, Akinyemi, 2023, Attah, Ogunsola & 

Garba, 2023). This tight coupling of transformation pipelines 

and machine learning workflows represents a frontier for 

analytics engineering, demanding collaboration between data 

engineers, data scientists, and business analysts. 

Natural language capabilities within Tableau, particularly 

with the introduction of Ask Data and Explain Data features, 

further lower the barrier for operational users to interact 

meaningfully with data. Ask Data enables users to query 

datasets using natural language questions, automatically 

generating relevant visualizations based on user intent. 

Explain Data automatically surfaces drivers and correlations 

behind selected data points, helping users understand 

underlying patterns without manual exploration (Adedeji, 

Akinyemi & Aremu, 2019, Akinyemi & Ebimomi, 2020, 

Otokiti, 2017). These capabilities enhance operational 

decision-making by making analytics accessible to non-

technical users, but they also place a premium on the quality 

of semantic modeling and metadata. Analytics engineers 

must ensure that datasets are richly described, well-

structured, and semantically consistent so that natural 

language interfaces and automated explanations produce 

meaningful and trustworthy results. 

Taken together, these advances in Tableau’s capabilities 

highlight how analytics engineering and operational 

decision-making are becoming increasingly intertwined. 

Tableau’s innovations in visual analytics, real-time data 

blending, hyper extract optimization, transformation 

workflow integration, and embedded predictive and natural 

language analytics have expanded the scope and importance 

of analytics engineering within modern organizations 

(Akinbola, Otokiti & Adegbuyi, 2014, Otokiti-Ilori & 

Akoredem, 2018). No longer confined to building static 

reports, analytics engineers today are architects of dynamic, 

intelligent, and user-centric data ecosystems that enable 

operational teams to act quickly, confidently, and 

strategically based on real-time, predictive, and fully 

explainable insights. 

The growing sophistication of Tableau as a platform requires 

analytics engineers to master not only data modeling and 

transformation best practices but also to develop a keen 

understanding of user experience design, real-time system 

performance, and machine learning integration. As Tableau 

continues to evolve, it is clear that successful operational 

decision-making will increasingly depend on the close 

collaboration between analytics engineers, business users, 

and platform technologies, with the ultimate goal of making 

trusted, intelligent data accessible to all levels of an 

organization at the moment decisions are made (Akinyemi & 

Ologunada, 2023, Ihekoronye, Akinyemi & Aremu, 2023). 

 

2.3 Advances in Analytics Engineering Using Astrato 
Astrato represents a major leap forward in the evolution of 

business intelligence platforms by embracing a truly cloud-

native and live-query architecture. Built from the ground up 

to leverage the full power of modern cloud data warehouses, 

Astrato eliminates many of the traditional bottlenecks and 

limitations associated with extract-based BI tools. Rather 

than relying on static data extracts or duplicating data into 

intermediate storage layers, Astrato connects directly to live 

datasets stored in platforms such as Snowflake, Google 

BigQuery, and Amazon Redshift (Ajonbadi, et al., 2015, 

Aremu & Laolu, 2014, Otokiti, 2018). This live connection 

model enables users to query and interact with real-time data 

without the latency, duplication risks, or governance 

headaches that often accompany more traditional BI 

approaches. The result is a platform that is inherently aligned 

with the principles of modern analytics engineering—

modularity, real-time accessibility, scalability, and seamless 

integration with enterprise-grade cloud infrastructures. 

The core of Astrato’s innovation lies in its live data modeling 

and transformation layers, which allow data teams and 

business users to define relationships, logic, and 

transformations dynamically, without requiring data 

movement or materialization into the BI tool itself. In 

Astrato, models are defined at the query layer, referencing 

underlying cloud warehouse structures directly and applying 

transformation logic at query execution time (Akinyemi & 

Oke, 2019, Otokiti & Akinbola 2013). This approach means 

that data remains governed, secure, and up-to-date within its 

native environment, while users benefit from a high degree 

of flexibility in shaping, filtering, aggregating, and analyzing 

the data on demand. For analytics engineers, this 

fundamentally shifts the focus from building heavy ETL 

pipelines designed to feed static reporting layers toward 

building agile, modular semantic models that enhance the 

speed, trustworthiness, and adaptability of operational 

decision-making processes. 

Astrato’s modeling layer allows for the construction of 

logical relationships, data hierarchies, calculated fields, and 

custom metrics without altering the physical structure of the 

underlying data. This semantic abstraction enables 

organizations to maintain a single source of truth within their 

cloud warehouse while offering multiple, context-specific 

views of the data tailored to different operational needs. For 

example, a revenue metric may be defined differently for 

sales operations versus finance reporting, but both views can 

be generated dynamically without duplicating or 

transforming base tables (Attah, Ogunsola & Garba, 2022, 

Babatunde, Okeleke & Ijomah, 2022). By decoupling 

semantic logic from physical storage, Astrato empowers 

analytics engineers to iterate rapidly, respond to changing 

business definitions, and maintain governance and 

consistency across diverse operational analytics workflows. 

Integration with major cloud data warehouses is another key 

strength of Astrato, reinforcing its alignment with cloud-

native analytics engineering principles. Direct, optimized 

connections to platforms like Snowflake, BigQuery, and 

Redshift allow Astrato to push queries down to the warehouse 

layer, taking advantage of the scalable compute resources and 

query optimization engines provided by these platforms. 

Rather than moving data to the BI tool, Astrato sends highly 

efficient SQL queries to the cloud warehouse, ensuring that 

processing happens as close to the data as possible 

(Abimbade, et al., 2022, Aremu, et al., 2022, Oludare, 
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Adeyemi & Otokiti, 2022). This design dramatically reduces 

data movement costs, improves performance, and enhances 

security by minimizing data exposure. 

For analytics engineers, Astrato’s warehouse-native 

approach simplifies architecture while increasing operational 

agility. Instead of maintaining complex extract, load, and 

refresh schedules to keep BI tools synchronized with source 

systems, engineers can focus on optimizing the underlying 

warehouse schemas, partitioning strategies, and access 

policies. When changes occur—such as new fields being 

added, definitions evolving, or business priorities shifting—

the live modeling layer in Astrato allows adjustments to be 

made almost instantly, without requiring full extract rebuilds 

or pipeline redeployments (Adedoja, et al., 2017, Aremu, et 

al., 2018, Otokiti, 2012). This level of agility supports real-

time operational analytics needs, where rapid response to 

emerging events, anomalies, or opportunities is essential for 

maintaining competitive advantage. 

Astrato’s emphasis on agility is evident not only in its 

architecture but also in its user experience and design 

philosophy. The platform’s intuitive interface allows users to 

build interactive dashboards, visualizations, and ad hoc 

analyses with minimal friction, enabling operational teams to 

explore live data directly without heavy reliance on technical 

specialists. Data exploration, dashboard updates, and report 

modifications happen in near real-time, allowing frontline 

decision-makers to adapt their insights and strategies as 

business conditions evolve (Akinyemi & Aremu, 2017, 

Famaye, Akinyemi & Aremu, 2020, Otokiti-Ilori, 2018). This 

empowers organizations to move from static, retrospective 

reporting cycles toward continuous, forward-looking 

operational analytics that informs day-to-day actions. 

Moreover, Astrato’s live-query model naturally supports 

advanced operational analytics use cases that require up-to-

the-minute data accuracy. For example, inventory managers 

can monitor stock levels across distributed warehouses in real 

time, adjusting replenishment schedules based on live sales 

and shipment data. Customer service teams can track open 

cases, escalations, and resolution times dynamically, 

optimizing staffing and workflow allocation on the fly 

(Nwaimo, et al., 2023, Odunaiya, Soyombo & Ogunsola, 

2023, Oludare, et al., 2023). Marketing teams can monitor 

digital campaign performance as clicks, impressions, and 

conversions flow in, making real-time budget reallocation 

decisions to maximize ROI. In all these scenarios, the 

combination of warehouse-native performance, live 

modeling flexibility, and rapid visualization capabilities 

enables organizations to make decisions faster, with greater 

confidence and precision. 

Astrato’s architecture also fosters better collaboration 

between analytics engineers and business users. Because 

modeling logic is transparent, modular, and centrally 

managed, analytics engineers can work closely with business 

stakeholders to define metrics, hierarchies, and data 

relationships that are meaningful and actionable. Changes to 

definitions or logic can be implemented quickly, tested in 

controlled environments, and promoted to production with 

minimal disruption (Ajonbadi, Otokiti & Adebayo, 2016, 

Otokiti & Akorede, 2018). Governance controls, role-based 

access permissions, and audit trails ensure that even in highly 

dynamic environments, data security, compliance, and trust 

are maintained at all times. 

From a broader analytics engineering perspective, Astrato 

exemplifies many of the best practices emerging in the cloud-

native analytics era. It supports a shift from heavy ETL to 

light, agile ELT (Extract, Load, Transform) processes where 

transformations are pushed down to the powerful, scalable 

cloud warehouses. It encourages semantic modeling as a 

dynamic, first-class activity, embedded within operational 

analytics workflows rather than isolated in static reporting 

layers (Abimbade, et al., 2023, Ijomah, Okeleke & 

Babatunde, 2023, Otokiti, 2023). It fosters continuous 

deployment and iteration cycles, with real-time feedback 

loops between data engineers, business analysts, and 

operational teams. Most importantly, it enables organizations 

to fully realize the promise of data democratization—making 

high-quality, trusted, and timely data insights available to 

everyone who needs them, at the speed of business. 

In conclusion, Astrato represents a significant advancement 

in analytics engineering by providing a truly cloud-native, 

live-query, and modeling-centric platform designed for real-

time operational decision-making. Its direct integration with 

cloud warehouses, focus on live semantic modeling, 

commitment to agility, and ability to power real-time 

analytics workflows set it apart as a critical enabler for 

modern data-driven organizations (Adetunmbi & Owolabi, 

2021, Arotiba, Akinyemi & Aremu, 2021). As businesses 

continue to prioritize speed, flexibility, and operational 

intelligence, platforms like Astrato—and the analytics 

engineering practices they support—will play an increasingly 

vital role in shaping the next generation of agile, data-

empowered enterprises. 

 

2.4 Advances in Analytics Engineering Using Power BI 
Power BI has emerged as a cornerstone in modern analytics 

engineering, offering an extensive, enterprise-grade platform 

that combines powerful data preparation capabilities, 

semantic modeling tools, AI-driven insights, and seamless 

integration within the broader Microsoft ecosystem. As 

organizations pursue greater agility and precision in 

operational decision-making, Power BI’s advancements in 

transforming raw data into actionable insights have 

positioned it as an essential tool for both analytics engineers 

and business leaders (Abimbade, et al., 2023, George, 

Dosumu & Makata, 2023, Lawal, et al., 2023). By blending 

ease of use with engineering rigor, Power BI bridges the gap 

between self-service analytics and enterprise data 

governance, enabling robust operational intelligence across 

departments, roles, and industries. 

One of the most critical elements underpinning Power BI’s 

contribution to analytics engineering is its data preparation 

environment, Power Query. Power Query provides a 

powerful, low-code transformation interface for shaping, 

cleansing, and combining datasets from disparate sources, all 

within a visual, step-by-step editor. Each transformation is 

recorded as a step in a query script using the M language, 

allowing for precise documentation, reproducibility, and 

modularity—core principles of analytics engineering 

(Adelana & Akinyemi, 2021, Esiri, 2021, Odunaiya, 

Soyombo & Ogunsola, 2021). This declarative 

transformation logic enables engineers to abstract complex 

data operations into manageable workflows, while also 

allowing analysts to explore and adapt logic as business 

requirements evolve. For operational teams that depend on 

consistent and trustworthy data pipelines, Power Query 

ensures transformations are both transparent and reliable. 

Power BI’s semantic modeling capabilities are equally 

pivotal, particularly through its use of Dataflows and 
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Datasets. Dataflows allow teams to define ETL processes in 

a centralized, reusable manner within the Power BI Service. 

These dataflows can be shared across multiple reports, 

dashboards, and workspaces, encouraging modularity and 

consistency in transformation logic. Meanwhile, Datasets 

serve as semantic layers, where measures, relationships, 

hierarchies, and calculations are defined once and reused 

across different visualizations (Akinyemi & Ebimomi, 2021, 

Chukwuma-Eke, Ogunsola & Isibor, 2021). Analytics 

engineers use DAX (Data Analysis Expressions) to define 

business logic in the form of calculated columns and 

measures, ensuring that key performance indicators and 

operational metrics are consistent across the organization. 

This semantic layer becomes a source of truth for business 

users, shielding them from the complexity of source systems 

while ensuring analytical consistency across all touchpoints. 

A standout innovation in Power BI’s analytics engineering 

stack is its integration of artificial intelligence. Features like 

Quick Insights, AI visuals, and integration with Azure 

Cognitive Services empower business users to derive 

meaningful patterns, trends, and predictions from their data 

without writing a single line of code. Quick Insights 

automatically analyzes a dataset to detect correlations, 

outliers, and key drivers, providing suggestions that can 

trigger deeper investigation (Adepoju, et al., 2021, Ajibola & 

Olanipekun, 2019, Hussain, et al., 2021). AI visuals such as 

the decomposition tree and smart narratives help users 

understand the breakdown of complex metrics or generate 

textual summaries of data patterns. These tools amplify 

human intuition with algorithmic discovery, making 

operational decision-making faster and more comprehensive. 

Perhaps most notably, Power BI integrates tightly with Azure 

Cognitive Services, allowing engineers to embed powerful 

machine learning models directly into reports. Features like 

sentiment analysis, image tagging, and key phrase extraction 

can be applied to datasets in real time, opening new avenues 

for real-time customer feedback analysis, operational 

monitoring, and process optimization. For analytics 

engineers, this creates opportunities to build models that 

combine structured enterprise data with unstructured 

signals—such as text reviews or sensor readings—creating a 

richer and more predictive analytical environment (Akinyemi 

& Ogundipe, 2022, Ezekiel & Akinyemi, 2022, Tella & 

Akinyemi, 2022). The ability to orchestrate these models 

within the same tool that delivers business dashboards 

simplifies deployment and shortens the insight-to-action 

loop. 

Power BI’s role in the broader Microsoft Fabric ecosystem 

further reinforces its status as a key enabler of operational 

intelligence. Microsoft Fabric represents an integrated 

platform that unifies data engineering, data science, data 

warehousing, and real-time analytics. Power BI sits at the 

forefront of this ecosystem, acting as both the visualization 

layer and the operational interface for end-users. Within 

Microsoft Fabric, analytics engineers can use tools such as 

Synapse Data Warehouse, Data Factory pipelines, and 

Lakehouses to ingest, store, and transform large-scale 

datasets. Power BI then connects directly to these engineered 

datasets, leveraging DirectQuery, composite models, and 

semantic models to deliver insights instantly (Adeniran, et 

al., 2022, Aniebonam, et al., 2022, Otokiti & Onalaja, 2022). 

This deep integration allows operational decision-making to 

be supported by an end-to-end data platform where raw data 

flows through pipelines, enters well-governed models, and is 

visualized with minimal latency—all within a single, secured 

environment (Akinbola, et al., 2020, Akinyemi & Aremu, 

2016, Ogundare, Akinyemi & Aremu, 2021). It enables 

analytics engineers to work in close alignment with business 

users, ensuring that the data being modeled and transformed 

is immediately visible and useful in a format that decision-

makers can understand and act upon. For real-time 

monitoring and adaptive operations, the value of this tight 

integration cannot be overstated. 

Another area where Power BI has demonstrated strong 

alignment with analytics engineering is through its support 

for embedded analytics and real-time dashboarding. 

Embedded analytics allows Power BI reports and dashboards 

to be integrated directly into business applications, customer 

portals, or operational tools via APIs and the Power BI 

Embedded service. This brings insights directly to the point 

of decision, whether in a sales CRM, supply chain 

management system, or HR application (Akinyemi & Salami, 

2023, Attah, Ogunsola & Garba, 2023, Otokiti, 2023). 

Analytics engineers play a crucial role in architecting and 

maintaining the backend datasets and models that power 

these embedded solutions, ensuring they deliver performant, 

secure, and personalized insights to each user. 

Real-time dashboarding in Power BI is facilitated through 

streaming datasets and integration with message brokers like 

Azure Event Hubs and IoT Hub. These capabilities allow 

Power BI to reflect data changes in near real-time, making it 

ideal for operational use cases such as logistics tracking, call 

center monitoring, fraud detection, or IoT device analytics. 

Analytics engineers can define metrics and alert thresholds 

that automatically update dashboards or trigger workflows 

when certain conditions are met (Akinyemi & Ogundipe, 

2023, Aniebonam, et al., 2023, George, Dosumu & Makata, 

2023). This creates a dynamic and responsive analytical 

environment where decisions are no longer based on stale 

reports, but on live data as it unfolds. 

Importantly, Power BI also supports the governance, 

security, and scalability that enterprise analytics engineering 

demands. Row-level security ensures that users only see data 

they are permitted to view, while deployment pipelines 

facilitate CI/CD workflows for datasets and reports. With 

integration into Azure Active Directory, audit logging, and 

workspace-based permissions, Power BI aligns with 

enterprise-grade compliance requirements, allowing 

analytics engineers to build trusted environments for 

operational decision support. 

In totality, Power BI has emerged as a highly versatile and 

powerful platform for advancing analytics engineering in 

support of operational decision-making. Its robust data 

preparation features via Power Query, comprehensive 

semantic modeling with Dataflows and Datasets, AI-powered 

insights, real-time analytics, and seamless integration with 

the broader Microsoft ecosystem combine to create a 

uniquely effective environment for data-driven agility (Ige, et 

al., 2022, Nwaimo, Adewumi & Ajiga, 2022, Ogunyankinnu, 

et al., 2022). Analytics engineers using Power BI are no 

longer limited to building back-end pipelines—they are 

instrumental in shaping how data is modeled, interpreted, and 

operationalized across an organization. 

As businesses face growing pressure to react swiftly and 

confidently in the face of change, the ability to translate 

complex datasets into clear, timely insights becomes a 

defining competitive advantage. Power BI, with its blend of 

self-service ease and engineering depth, stands as a 
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cornerstone in enabling that advantage. Whether embedded 

within business applications, connected live to massive cloud 

warehouses, or enriched by AI capabilities, Power BI 

empowers analytics engineers and operational leaders alike 

to navigate complexity with clarity—and to do so at the speed 

of business. 

 

2.5 Challenges in Operational Analytics Engineering 
Despite the significant progress made in analytics 

engineering, especially through the integration of tools such 

as Tableau, Astrato, and Power BI, operationalizing analytics 

at scale remains fraught with complex challenges. As 

organizations embrace real-time decision-making and 

democratized access to data, analytics engineers face 

increasing pressure to ensure the accuracy, performance, 

governance, and resilience of analytics systems across highly 

dynamic and distributed environments. Among the most 

pressing challenges are maintaining data quality across 

diverse sources, ensuring scalability and performance of 

analytic models, balancing user-driven flexibility with 

governance requirements, and managing observability and 

version control in constantly evolving data landscapes. 

The first and most foundational challenge in operational 

analytics engineering is managing data quality across 

dynamic and heterogeneous data sources. In the modern 

enterprise, data flows from an ever-expanding variety of 

systems, including cloud applications, IoT devices, social 

media streams, APIs, transactional systems, and third-party 

services. These data sources differ not only in structure and 

granularity but also in update frequency, availability, and 

reliability (Adepoju, et al., 2022, Francis Onotole, et al., 

2022). Operational analytics requires near-continuous 

ingestion and transformation of this data to power real-time 

dashboards and decision support tools, yet ensuring 

consistency, accuracy, and completeness under such 

conditions is notoriously difficult. Small changes in source 

schemas, unexpected null values, format inconsistencies, or 

latency in streaming pipelines can all compromise the 

integrity of downstream analytical models. 

Moreover, tools like Tableau, Astrato, and Power BI rely on 

curated datasets or live connections to cloud warehouses, 

which means that any lapse in data quality upstream can have 

immediate, visible consequences in operational dashboards. 

Errors can misinform business decisions or erode trust in 

analytics platforms. Addressing these risks requires 

implementing robust validation rules, anomaly detection 

mechanisms, and automated data quality tests—ideally 

embedded within CI/CD pipelines (Adepoju, et al., 2023, 

Attah, Ogunsola & Garba, 2023, Hussain, et al., 2023). Still, 

even with these controls in place, root cause analysis can be 

difficult due to the fragmented and decentralized nature of 

data pipelines. Analytics engineers must not only detect and 

correct issues quickly but also establish preventative 

measures to ensure that data quality is not degraded by 

upstream system changes or poorly defined source interfaces. 

Another major challenge lies in the scalability and 

performance tuning of analytic models, particularly in 

environments that demand high concurrency, real-time 

responsiveness, and support for large and complex datasets. 

While modern tools offer impressive capabilities, they are not 

immune to performance degradation under load. Tableau's 

visualizations can become sluggish when querying millions 

of rows over complex joins; Astrato's live-query approach 

depends heavily on the performance of the underlying cloud 

warehouse; and Power BI’s DAX measures and calculated 

columns can introduce performance bottlenecks if not 

properly optimized. Operational dashboards, by nature, are 

often accessed frequently by multiple users and refreshed 

continuously, further compounding the computational 

demands on backend systems. 

Optimizing performance in these scenarios requires deep 

domain knowledge of the BI tool internals, as well as 

proficiency in data modeling, query optimization, and cloud 

resource tuning. For instance, in Power BI, effective use of 

aggregations, incremental refresh policies, and composite 

models is essential to maintaining interactivity. In Tableau, 

the use of hyper extracts versus live connections must be 

evaluated carefully depending on latency and load 

expectations. Astrato, while designed for live analytics, still 

demands carefully designed cloud warehouse queries, 

clustering, and caching strategies to deliver acceptable 

performance under variable workloads. Balancing the 

responsiveness of dashboards with the cost and complexity 

of infrastructure is a continuous task, especially as data 

volumes and user demands grow. 

A further complication emerges in the need to balance self-

service flexibility with centralized governance. One of the 

hallmarks of modern BI platforms is the empowerment of 

non-technical users to create their own dashboards, explore 

data, and generate insights autonomously. This self-service 

capability drives innovation, agility, and operational 

responsiveness. However, without appropriate governance, 

self-service environments can quickly become chaotic, with 

duplicative logic, conflicting metrics, and uncontrolled 

proliferation of data assets. In organizations using Power BI, 

it is common to see hundreds of datasets and reports created 

independently across departments, with little consistency or 

reuse. In Tableau, the absence of standardized data sources 

and semantic models can result in the same measure—such 

as revenue or cost—being calculated in multiple, inconsistent 

ways. 

To manage this tension, analytics engineers must establish 

clear standards, reusable data models, shared semantic layers, 

and governed publishing workflows. Features like certified 

datasets in Power BI, data catalogs in Tableau, and 

centralized model definitions in Astrato help, but they are not 

foolproof. Governance policies must be enforced without 

stifling creativity and access. This means implementing 

tiered access models, curated data marts, and metadata-driven 

documentation, as well as actively monitoring usage patterns 

and providing guidance and training to users. Analytics 

engineering teams must act as enablers rather than 

gatekeepers—empowering users while embedding guardrails 

that ensure quality, consistency, and compliance with 

enterprise policies. 

In tandem with governance, managing data observability and 

version control has become an essential, yet still evolving, 

aspect of operational analytics engineering. Data 

observability refers to the ability to monitor, trace, and 

understand the flow and transformation of data across 

complex pipelines and systems. In traditional software 

engineering, observability tools provide logs, metrics, and 

traces to detect system behavior and anomalies. In the world 

of data, similar capabilities are needed to ensure the integrity 

and performance of data pipelines and models. Without clear 

observability, it becomes difficult to answer questions like: 

When did this metric change? Which upstream 

transformation introduced the error? Why is the dashboard 
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showing outdated data? 

While tools like dbt have introduced some observability 

features—such as model lineage, test results, and run 

statuses—gaps remain when it comes to fully understanding 

and managing the state of data across real-time pipelines, 

cloud warehouses, and BI layers. For example, Tableau and 

Power BI users often struggle to identify the origin of a 

discrepancy in a visual without detailed lineage tracking. 

Astrato’s live-query model can complicate debugging by 

pushing queries directly to the warehouse, where failures or 

inefficiencies must be traced at the SQL and infrastructure 

level. Addressing these issues requires implementing 

integrated monitoring platforms, standardizing logging 

practices, and investing in end-to-end lineage tools that span 

transformation, modeling, and visualization layers. 

Version control adds another dimension of complexity. As 

analytic models grow in scope and sophistication, 

maintaining version histories, change logs, and rollback 

capabilities becomes critical. Yet traditional version control 

systems like Git are often poorly integrated into BI tools, 

which are inherently visual and interactive. While tools such 

as Power BI deployment pipelines or Tableau versioning 

support environments to some extent, they rarely offer full 

transparency into changes at the transformation or calculation 

level. This limits reproducibility, complicates collaboration, 

and raises risks during iterative development. Analytics 

engineers must adopt hybrid practices—versioning 

transformation logic in code repositories while documenting 

changes in visual models and coordinating deployments 

carefully. Embedding code-based models where possible 

(e.g., using dbt with Power BI or Tableau) can also improve 

transparency and traceability. 

In sum, while the rise of tools like Tableau, Astrato, and 

Power BI has enabled a new era of agile, operational 

analytics, realizing their full potential requires addressing 

substantial engineering challenges. Ensuring data quality 

across diverse, rapidly changing sources; scaling and tuning 

performance under real-time conditions; balancing the 

empowerment of users with governance and consistency; and 

managing observability and version control in complex, 

hybrid environments—all require careful attention, skill, and 

organizational coordination. These are not peripheral 

concerns but central to the success of modern analytics 

engineering. 

As the discipline continues to evolve, analytics engineers will 

be increasingly called upon not just as technical 

implementers but as architects of resilient, trusted, and 

adaptive data systems. The organizations that succeed in 

operational analytics will be those that recognize these 

challenges as ongoing, cross-functional responsibilities—and 

invest accordingly in the practices, tools, and people needed 

to meet them head-on. 

 

2.6 Emerging Solutions and Innovations 
As the field of analytics engineering continues to mature, the 

convergence of business intelligence platforms such as 

Tableau, Astrato, and Power BI with cloud-native data 

practices is ushering in a new generation of solutions and 

innovations. These advancements are addressing long-

standing bottlenecks in agility, governance, and reliability, 

especially as organizations shift toward operational decision-

making powered by real-time and democratized insights. 

Among the most transformative trends are the emergence of 

metadata-driven semantic layer creation, version-controlled 

transformation pipelines, end-to-end data observability 

platforms, and the proliferation of low-code and no-code 

tools that empower business users to engage with data 

confidently and autonomously. 

One of the most impactful innovations in recent years is the 

development of metadata-driven semantic layer creation. In 

traditional business intelligence workflows, semantic 

layers—representing curated definitions of business terms, 

metrics, and hierarchies—were often inconsistently 

implemented across multiple dashboards or projects, 

resulting in duplicated logic, data misinterpretation, and 

analytical inconsistencies. Today, modern analytics 

engineering frameworks are embracing metadata as a 

foundational asset to drive semantic modeling in a 

centralized, standardized, and scalable manner. This means 

that rather than defining metrics like "net revenue" or 

"customer retention rate" separately within every Tableau 

workbook or Power BI report, these definitions are now 

managed centrally using reusable metadata models that are 

dynamically applied across analytical tools. 

Metadata-driven semantic layers enhance consistency, 

clarity, and trust, particularly in organizations that operate at 

scale or across departments. When users in finance, 

operations, and marketing consume data through Astrato or 

Power BI, the same definitions apply automatically, 

promoting alignment and reducing miscommunication. 

Furthermore, these semantic layers are increasingly tied 

directly to data catalogs, governance policies, and data 

contracts, allowing for lineage tracking, impact analysis, and 

change management to occur holistically. Analytics 

engineers are thus able to define, maintain, and govern 

semantic models programmatically, ensuring semantic 

coherence from the transformation layer to the visualization 

interface, while simultaneously enabling the flexibility for 

contextual customization when needed. 

Running parallel to this advancement is the growing adoption 

of version-controlled transformation pipelines that tightly 

integrate data modeling tools like dbt (data build tool) with 

business intelligence platforms. dbt has emerged as a 

cornerstone of analytics engineering by enabling modular, 

testable, and auditable SQL transformations within cloud 

data warehouses such as Snowflake, BigQuery, and Redshift. 

By integrating version control systems like Git, dbt 

introduces rigorous change management, peer reviews, and 

rollback capabilities into the analytics lifecycle. This ensures 

that transformations are no longer performed in opaque silos 

but instead follow standardized development workflows 

aligned with software engineering best practices. 

The integration of dbt with BI tools represents a major step 

forward in streamlining the analytics engineering workflow. 

In this model, transformations are built and validated in dbt, 

complete with lineage, tests, and documentation, and then 

consumed by tools like Tableau and Power BI via exposed, 

curated datasets or views. This separation of concerns—

where transformation logic is managed independently of 

visualization logic—allows BI tools to focus on rendering 

insights rather than calculating them. In practice, this means 

that a business analyst using Power BI or Astrato is working 

with a trusted, versioned dataset prepared by an analytics 

engineer, enabling faster dashboard development and 

minimizing the risk of duplication or error. 

Additionally, the dbt Cloud and dbt Semantic Layer 

innovations are enabling real-time metric serving and 

integration with BI platforms through APIs and adapters. 
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These capabilities allow for metrics defined in dbt to be 

directly surfaced in BI tools, ensuring that definitions remain 

consistent across applications and reducing the burden of re-

creating measures in each front-end environment. This 

paradigm shifts the locus of control for metric definition to 

the analytics engineering layer, where definitions are 

centrally governed, while still supporting flexibility at the 

visualization level. The outcome is a streamlined, transparent 

analytics pipeline that supports rapid iteration and operational 

decision-making without sacrificing governance or 

auditability. 

As analytics environments grow in complexity, the need for 

robust data observability platforms has become more urgent. 

Tools like Monte Carlo, Soda, and Datafold are emerging as 

critical components of the modern analytics engineering 

stack. These platforms provide continuous monitoring, 

validation, and anomaly detection across data pipelines, 

ensuring that issues related to freshness, completeness, 

schema drift, or transformation logic failures are identified 

and resolved quickly. In traditional data systems, errors often 

propagated unnoticed until discovered by a frustrated 

business user. Today, observability tools act as proactive 

guardians of data quality, enabling analytics engineers to 

detect problems before they impact end-users. 

Monte Carlo, for example, leverages machine learning to 

track patterns in data volume, null rates, and schema changes, 

automatically flagging anomalies that deviate from historical 

norms. It also traces data lineage across platforms, enabling 

root cause analysis and impact assessments that cut across dbt 

models, warehouse tables, and BI dashboards. Soda, with its 

test-driven approach, allows teams to write assertions about 

expected data behavior and execute them as part of 

continuous deployment pipelines. When integrated with BI 

platforms like Tableau or Power BI, these tools provide real-

time assurance that operational dashboards are being fed by 

accurate, timely, and trustworthy data, reinforcing confidence 

in the decisions being made. 

Version control also plays a vital role in managing 

observability and transformation tracking. With Git-enabled 

analytics workflows, engineers can not only trace changes to 

SQL models and transformation logic but also track the 

evolution of tests, metrics, and configurations over time. This 

improves collaboration between teams, enables rigorous 

testing prior to deployment, and enhances compliance with 

data governance policies. The combination of observability 

tools and version-controlled pipelines creates a resilient 

ecosystem where every layer—from source ingestion to 

visual presentation—is transparent, accountable, and 

continuously monitored (Adepoju, et al., 2023, Hussain, et 

al., 2023, Ugbaja, et al., 2023). 

Another transformative trend is the proliferation of low-code 

and no-code tools designed to empower business users to take 

an active role in analytics without compromising governance 

or data integrity. Platforms like Power BI and Tableau have 

long offered drag-and-drop interfaces and natural language 

query capabilities, but recent innovations have taken this 

accessibility to new levels. Features like Power BI’s Quick 

Measure Suggestions, Tableau’s Ask Data and Explain Data, 

and Astrato’s guided modeling interfaces allow users to 

construct meaningful queries, build custom calculations, and 

explore data patterns with little to no technical expertise. 

The impact of these tools on operational decision-making is 

significant. Business users are no longer passive consumers 

of static reports—they are active participants in the analytics 

process. They can create personalized dashboards, slice data 

by relevant attributes, and respond to evolving questions 

without relying on technical intermediaries. At the same time, 

analytics engineers remain in control of the underlying 

semantic models, datasets, and access controls, ensuring that 

the self-service capabilities are underpinned by trusted and 

governed data assets. 

This empowerment is particularly critical in fast-paced 

environments such as sales, logistics, customer support, and 

field operations, where front-line decisions must be made 

quickly and often without time to wait for IT support. Low-

code interfaces reduce bottlenecks and unlock agility, while 

the layered architecture of curated data models ensures that 

such empowerment does not come at the cost of accuracy or 

security (Adepoju, et al., 2023, Lawal, et al., 2023, Ugbaja, 

et al., 2023). Innovations in embedding analytics into 

operational workflows—such as through Power BI 

Embedded or Tableau Extensions—further reinforce the role 

of analytics as a living, real-time part of the business process 

rather than an after-the-fact reporting function. 

In conclusion, the convergence of metadata-driven semantic 

modeling, version-controlled transformation pipelines, data 

observability platforms, and low-code user enablement 

marks a new era in analytics engineering. These innovations 

address critical challenges in scalability, governance, 

collaboration, and real-time responsiveness, creating an 

analytics ecosystem that is both technically robust and deeply 

aligned with operational needs (Akinyemi & Ebiseni, 2020, 

Austin-Gabriel, et al., 2021, Dare, et al., 2019). Tools like 

Tableau, Astrato, and Power BI are at the forefront of this 

transformation, not simply as visualization platforms, but as 

integral components of a dynamic, resilient, and intelligent 

decision-making infrastructure. As these innovations 

continue to evolve, organizations that invest in modern 

analytics engineering practices will be best positioned to 

thrive in a data-driven future where speed, trust, and 

adaptability are paramount. 

 

3. Conclusion and Future Research Directions 

The evolution of analytics engineering has reshaped how 

modern organizations approach operational decision-making, 

offering a new paradigm that combines technical rigor with 

business agility. Through platforms such as Tableau, Astrato, 

and Power BI, analytics engineering has matured into a 

discipline that not only enables real-time insights and 

automated intelligence but also bridges the longstanding 

divide between centralized data teams and decentralized 

business functions. This review has traced the key 

innovations driving this transformation, including modular 

transformation pipelines, semantic modeling, metadata-

driven governance, integrated observability, and low-code 

analytics development, all of which serve to make operational 

analytics more responsive, trustworthy, and accessible. 

Across these platforms, several common advances have 

emerged. Tableau has distinguished itself with its visual 

analytics capabilities and intuitive exploration tools, while 

incorporating powerful features like hyper extracts and 

predictive visuals to support fast, scalable decision-making. 

Astrato, by contrast, has championed a live-query, cloud-

native architecture that eliminates data duplication and 

supports real-time modeling directly atop cloud warehouses, 

offering unmatched agility. Power BI, with its deep 

integration into the Microsoft ecosystem, has become a leader 

in end-to-end analytics engineering by enabling semantic 
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modeling with Dataflows and Datasets, embedding AI-

powered analytics, and extending insights through Microsoft 

Fabric and Power Platform integrations. These platform-

specific strengths reflect the broader movement toward 

analytics systems that are not only technologically advanced 

but also deeply aligned with the practical realities of 

operational use. 

One of the critical needs moving forward is the development 

of standardized frameworks for operational analytics 

engineering. As organizations scale their analytics 

capabilities across teams, geographies, and functions, the 

lack of consistency in how data models are structured, 

maintained, and governed poses risks to efficiency, 

reliability, and compliance. A unified framework for defining 

metrics, managing transformation pipelines, enforcing 

semantic models, and monitoring data quality—regardless of 

the tool being used—is essential to ensuring that analytics 

engineering can scale without fragmentation. Establishing 

such frameworks will require collaboration between 

technology providers, standards bodies, and enterprise 

architects to codify best practices into reusable, vendor-

agnostic methodologies that foster interoperability and long-

term maintainability. 

In parallel, the demand for scalable, real-time analytics 

architectures is accelerating. Businesses increasingly require 

systems that can ingest and transform data continuously, 

detect anomalies in real-time, and push actionable insights 

directly into operational workflows. While platforms like 

Astrato and Power BI have introduced mechanisms for real-

time data querying and streaming dashboard updates, the 

orchestration of scalable, low-latency transformation and 

model execution remains a complex challenge. Future 

research must focus on optimizing real-time analytics 

architectures that blend streaming and batch pipelines, 

leverage serverless processing where appropriate, and 

automatically adapt resource allocation to workload 

demands. Innovations in hybrid data lakehouse architectures, 

data mesh implementations, and distributed transformation 

engines will be key to meeting these demands sustainably. 

Equally important is the recognition of human-centered 

design as a critical component of analytics engineering. As 

tools become more powerful, there is a risk of alienating the 

very users they are meant to empower. Complexity in model 

structure, inconsistency in metric definitions, or poor 

dashboard usability can degrade user confidence and reduce 

adoption. Designing analytics systems that are intuitive, 

explainable, and tailored to users’ workflows is essential. 

Usability must be addressed not only through interface design 

but also through thoughtful data storytelling, contextual help, 

natural language capabilities, and personalized 

recommendations. Researchers and developers should invest 

in frameworks that evaluate and optimize user experience in 

analytics environments, ensuring that operational decision-

makers of varying skill levels can extract meaningful value 

from data without barriers or confusion. 

Amid this push toward automation and scalability, ethical 

considerations in analytics engineering have become 

increasingly urgent. As systems grow more autonomous, 

particularly through embedded machine learning models and 

predictive dashboards, the risk of unintended consequences 

rises. Questions of algorithmic bias, fairness, transparency, 

and accountability must be addressed systematically, 

especially in domains where operational decisions affect 

customers, employees, or public welfare. Future research 

must explore mechanisms for embedding ethical review and 

bias detection into transformation pipelines, enforcing 

traceability of automated decisions, and building controls that 

prevent misuse or misinterpretation of data. Ethical 

governance should be seen not as a constraint but as a design 

principle in building resilient and responsible analytics 

ecosystems. 

The strategic implications for enterprises adopting modern 

analytics engineering practices are profound. Organizations 

that embrace this new model stand to benefit from faster 

decision cycles, improved data trust, stronger alignment 

between business and data teams, and greater adaptability in 

the face of market volatility. By centralizing transformation 

logic while decentralizing consumption through self-service 

tools, enterprises can scale analytics without losing control. 

Moreover, the alignment of operational analytics with cloud-

native infrastructure and AI capabilities creates opportunities 

for continuous improvement, automated optimization, and 

real-time responsiveness that were previously unattainable. 

These shifts mark a turning point in how competitiveness and 

operational excellence are defined in the digital age. No 

longer is data a back-office asset relegated to static reports 

and quarterly reviews. Today, data—when engineered 

correctly—is a live, dynamic force shaping how decisions are 

made, how risks are managed, and how value is delivered to 

customers. Platforms like Tableau, Astrato, and Power BI 

have evolved from reporting tools into strategic enablers, 

supporting a world where insights are instantaneous, 

interfaces are intuitive, and analytics is embedded into the 

fabric of every operational process. 

Looking forward, the frontier of analytics engineering will be 

shaped by continued innovation in interoperability, 

automation, ethical safeguards, and human-centric interfaces. 

The journey is not complete. As data volumes grow, user 

expectations rise, and regulatory landscapes evolve, so too 

must the tools, frameworks, and philosophies underpinning 

operational analytics. Future competitiveness will hinge not 

just on having access to data, but on the ability to convert that 

data into decisions—decisions that are fast, fair, explainable, 

and impactful. 

In conclusion, advances in analytics engineering are 

transforming operational decision-making from a static, 

retrospective activity into a dynamic, proactive capability. 

Through the integration of cloud-native platforms, version-

controlled pipelines, semantic consistency, and AI-driven 

automation, analytics engineers are equipping organizations 

to navigate uncertainty with confidence. Yet to fully realize 

the promise of this transformation, sustained investment in 

standardization, scalability, human-centered design, and 

ethical oversight will be essential. In doing so, enterprises 

will not only strengthen their analytical maturity but also 

position themselves at the forefront of digital resilience, 

agility, and excellence in the years to come. 
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