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Abstract: Within today's data-intensive business environment, artificial intelligence  
has  become central  to  process  automation,  yet  scholarly  work  on  this  transformation  
remains dispersed across unrelated fields. Accounting researchers seldom engage with  
marketing automation literature; e-commerce scholars rarely consult compliance studies.

Forty articles indexed in Scopus and Web of Science (2020–2025) were selected  
using the PRISMA search protocol. The guiding question asks how AI pipelines change the 
way e-businesses operate and which design choices matter most for success. Workflow  
setup, system connections, and regulatory compliance appear most often in the sample.

The analysis indicates that orchestration techniques developed for machine learning 
operations transfer effectively to accounting, tax processing and customer service functions. 
When people review the outputs before final use, fewer errors reach production. Under the  
EU AI Act, high-risk systems must keep audit logs and explain their decisions. Smaller firms 
face a choice between building tools in-house or buying them, and technical skills and data 
control often tip the balance. Adoption maturity varies by function: content production and  
customer service automate faster than accounting or regulatory compliance, where error  
tolerance remains low.

What  remains  unclear  is  whether  the  money  spent  on  automation  generates  
measurable savings.

Keywords: Artificial Intelligence; Process Automation; E-Business; AI Governance;  
Robotic Process Automation
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1. INTRODUCTION
Businesses now use AI tools for tasks they once handled manually. Matching invoices 

that once took an hour now finishes in under a minute. Customer service teams deploy 
chatbots. Marketing departments use recommendation engines. Accounting staff rely on 
automated invoice matching. Firms expect to cut costs and reduce mistakes (Davenport et 
al., 2020; Huang and Rust, 2021).
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Yet academic work on AI automation remains scattered. Researchers in accounting 
information systems study tax compliance tools without referencing marketing automation. 
E-commerce  scholars  examine  recommendation  algorithms but  rarely  cite  governance 
frameworks. Machine learning engineers publish on pipeline orchestration in venues that 
business researchers do not read (Dwivedi et al., 2021; Kreuzberger et al., 2023). A metric 
that works for marketing may mean little in accounting. Cross-domain learning suffers as a 
result.

This scattering creates practical problems. An accounting team building an invoice 
tool has little guidance from customer service automation research, though the technical 
setup is often the same. Small and medium-sized enterprises face particular challenges. 
They  lack  the  resources  to  scan  multiple  literatures  and  often  make  build-versus-buy 
decisions without understanding how design choices affect outcomes (Schwaeke et al., 
2024; Maroufkhani et al., 2020).

The present review addresses this gap. The review examines which design choices 
improve outcomes and which do not. The search followed PRISMA 2020 guidelines (Page et 
al., 2021) and returned forty relevant articles from 2020 to 2025. The literature addresses 
workflow architecture, system interoperability, human-in-the-loop validation, and regulatory 
compliance.

One contribution is a framework connecting design decisions to business results. A 
second is identifying a persistent gap: few studies measure whether automation investments 
pay  off.  Section  2  describes  the  methodology.  Section  3  presents  findings.  Section  4 
discusses patterns. Section 5 covers limitations and next steps.

2. METHODOLOGY
This study uses PRISMA to locate and screen relevant articles (Page et al., 2021). 

Automation spans technical and managerial concerns, so the search covered information 
systems, operations, accounting and marketing journals (Kreuzberger et al., 2023; Mikalef et 
al., 2022).

2.1 Search Strategy
Scopus and Web of Science were searched for English-language journal articles 

published between 2020 and 2025. Initial queries paired "artificial intelligence" or "machine 
learning" with "business process" and "automation". Additional queries targeted "robotic 
process  automation"  and  "MLOps".  Governance-related  literature  was  located  through 
separate searches for "AI regulation" and "EU AI Act". EU reports and standards documents 
entered the pool as grey literature. Backward citation tracking helped capture studies missed 
by the database searches (Page et al., 2021).

2.2 Selection Process
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Articles had to study AI or RPA in a business setting and offer data or a conceptual 
model. Book chapters and conference papers fell  outside the scope. So did algorithm-
focused studies with no link to business processes and brief commentaries echoing vendor 
marketing.

The initial search returned 351 records. After removing 64 duplicates, screening of 
titles and abstracts excluded 198 papers that fell outside the scope. Full-text reading of the 
remaining 89 items left a final sample of 40 articles. Figure 1 shows the selection steps.

2.3 Quality Assessment
Each paper underwent quality assessment. Empirical papers had to report a clear 

sample and method. Conceptual work was kept when the argument held together. Papers 
with weaker designs remained in the corpus but received lower weight during the synthesis.

2.4 Coding and Thematic Synthesis
From each  article,  the  research  question,  method,  sample  characteristics,  main 

findings and stated limitations were extracted into a coding sheet. Five themes emerged 
after  several  passes  through  the  coded  material  (Thomas  and  Harden,  2008).  These 
clusters address workflows, e-commerce tools, human checks, compliance rules, and SME 
decisions. Section 3 presents findings by theme.
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3. FINDINGS
The forty articles in the sample address AI-driven automation from several angles. 

This  section  organises  the  literature  into  five  clusters  and  reports  what  each  stream 
contributes to understanding how businesses deploy AI in their workflows.

3.1 Workflow Orchestration and MLOps
Several  papers  look  at  how firms build  the  technical  backbone for  AI  systems. 

Kreuzberger et al. (2023) lay out a nine-part reference architecture covering data handling, 
model training, continuous integration, and monitoring. Eken et al.  (2024) pull  together 
practitioner and academic views on MLOps and list 32 practices along with 27 common 
challenges. Data quality, model decay after go-live, and poor coordination across teams 
came up most often.

These MLOps ideas carry over to accounting, customer service, and tax compliance 
pipelines. Sculley et al. (2015) warn that ML systems pile up hidden technical debt when 
teams chase model accuracy and neglect data pipelines or system integration. Paleyes et al. 
(2022) document real deployment failures caused by clashing expectations between data 
scientists and operations staff. Workflow design choices, it turns out, matter as much as 
algorithm selection. Transformer architectures such as BERT (Devlin et al.,  2019) now 
underpin many NLP components in these pipelines.

3.2 AI in E-Commerce Operations
Another  set  of  studies  looks  at  AI  in  online  retail.  Borges  et  al.  (2022)  survey 

recommendation systems, demand forecasting, and chatbot assistants in Latin American e-
commerce firms. Firms with prior digital infrastructure adopted AI tools faster than those 
starting from legacy systems. Toorajipour et al. (2021) review AI across the retail supply 
chain and note that inventory and logistics have drawn more research attention than back-
office tasks like invoicing or tax compliance.

Sidlauskiene et  al.  (2023) examine AI-powered personalisation and its  effect  on 
consumer trust. Foundational work on sentiment analysis (Pang and Lee, 2008) laid the 
groundwork  for  opinion  mining  tools  now  embedded  in  these  systems.  Too  much 
personalisation can backfire when customers feel manipulated. Zhao et al. (2021) apply 
federated learning to e-commerce settings where firms train models together without sharing 
raw transaction data. These papers show a wide range of AI uses for online sellers but also 
highlight gaps in compliance-focused automation.

3.3 Human Oversight and Collaboration
A third cluster looks at where automated decisions end and human judgment begins. 

Huang and Rust (2021) sort tasks into mechanical, analytical, intuitive, and empathic types. 
AI handles the first two well but struggles with the rest. Davenport et al. (2020) map the 
marketing field and find that customer segmentation and media buying benefit most from AI. 
Brand strategy and creative direction stay in human hands.

Gu et al. (2024) study customer trust in AI chatbots after service failures. Perceived 
empathy  partly  offsets  the  damage from errors.  Adam et  al.  (2021)  report  that  telling 
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customers a chatbot is automated lowers compliance rates. Kumar et al. (2019) look at 
personalisation engines and find that human review of AI suggestions improves engagement 
by  catching  odd  recommendations.  For  e-business  automation,  the  message is  clear: 
human checkpoints cut errors, but the extra friction must be weighed against speed and cost.

3.4 Governance and Regulatory Compliance
A fourth group tackles the policy and ethical side of AI deployment. The EU AI Act 

(European Parliament, 2024) sorts AI tools into risk tiers and demands audit trails plus 
explanations for the riskier ones. NIST (2023) published its own playbook for managing AI 
risk. Floridi et al. (2018) identified transparency, justice, non-maleficence, autonomy, and 
explicability  as  core  AI  ethics  principles.  Jobin  et  al.  (2019)  comb through  84  ethical 
guidelines published worldwide; most agree on transparency, fairness, and accountability, 
yet disagree on how to act on them.

Several papers connect governance to accounting and audit. Kokina et al. (2025) 
map AI opportunities and pitfalls in auditing, noting that data quality and black-box models 
worry practitioners. Eulerich et al. (2024) compare audit teams that use AI against those that 
do not. The AI adopters gained speed but risked leaning too hard on the tools. Perdana et al. 
(2023) sketch a responsible AI framework for accounting with human checkpoints at key 
moments.

Bonsón et al. (2021) look at how government bodies automate their books and flag 
the dangers of going fully hands-off. The bottom line? Rules lag behind the tech, and that 
gap matters most where regulators are watching.

3.5 Accounting and Audit Automation
AI and RPA have spread into accounting and auditing faster than into many other 

back-office areas. Plattfaut and Borghoff (2022) review RPA studies and find that invoices, 
reconciliations, and reports get automated most often. Perdana et al. (2023) built a bot for a 
mid-sized firm and cut journal entry time by 40 to 60 percent.

Machine learning takes this further. Bavaresco et al. (2023) taught a model to route 
transactions to the right account codes. Over time the classifier got better by learning from 
staff  corrections.  Lombardi  et  al.  (2025)  polled  auditors;  most  expect  AI  to  change 
substantive testing by 2035.

Practice tells a messier story. Kokina et al. (2025) spoke with audit partners who 
voiced both excitement and worry. Interviewees kept returning to data quality and model 
transparency. Vitali and Giuliani (2024) note that small audit shops trail big ones, blaming 
cost and missing skills.

Governance guides are now emerging. Eulerich et al. (2024) lay out control rules 
designed for bot rollouts. The framework deals with access rights, exceptions, and change 
logs. The goal is to stop bots from running rogue transactions or spreading errors.

Efficiency gains appear possible, though oversight and training remain prerequisites. 
Back-office  processes  such  as  VAT  reporting  and  cross-border  invoicing  remain 
underexplored in academic research.
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3.6 SME Adoption and Build-versus-Buy Decisions
A final cluster looks at how smaller firms pick up AI and whether they build tools 

themselves or buy off the shelf. Maroufkhani et al. (2020) ran a survey and found that what 
matters most is whether managers see the tool as useful and easy to use. Firm size played a 
smaller role. Rana et al.  (2022) point to skill  shortages and tight budgets as the main 
blockers.

Buying versus building is its own puzzle. Hoffreumon and Forman (2024) looked at 
software sourcing and found that ready-made tools save time but box you in. Jorzik et al. 
(2024) saw firms start with vendor products and later tack on homegrown scripts. Schwaeke 
et al. (2024) studied micro-firms and found they almost never build from scratch; third-party 
tools are the norm.

Di Vaio et al. (2020) suggest a hybrid: off-the-shelf software plus simple automation 
add-ons. Chatterjee et al. (2022) say cloud AI makes it easier for small players to get started, 
though data security still nags at them. The takeaway? There is no single best approach. It 
depends on how big the firm is, how much cash it has, and who knows how to code.

Tab. 1 Summary of Themes and Key Sources
Theme Focus Key Sources Papers 

(n)
3.1 Workflow & MLOps Technical infrastructure, 

pipelines, deployment
Kreuzberger et al. (2023), Sculley et al. 
(2015), Paleyes et al. (2022), Eken et al. 
(2024)

5

3.2  E-Commerce 
Operations

Recommenders, 
demand  forecasting, 
personalisation

Borges et al.  (2022), Toorajipour et al. 
(2021), Sidlauskiene et al. (2023), Zhao 
et al. (2021)

4

3.3 Human Oversight Human-AI collaboration, 
trust, task allocation

Huang & Rust (2021), Davenport et al. 
(2020),  Gu  et  al.  (2024),  Adam et  al. 
(2021), Kumar et al. (2019)

6

3.4  Governance  & 
Compliance

Ethics,  regulation,  AI 
Act, risk frameworks

EU AI Act (2024), NIST (2023), Jobin et 
al. (2019), Kokina et al. (2025), Eulerich 
et al. (2024), Floridi (2018) 

7

3.5 Accounting & Audit RPA  in  finance,  ML 
classifiers,  audit 
automation

Plattfaut & Borghoff (2022), Perdana et 
al.  (2023),  Bavaresco  et  al.  (2023), 
Lombardi et al. (2025), Vitali & Giuliani 
(2024)

8

3.6 SME Adoption Build  vs  buy,  adoption 
barriers, cloud AI

Maroufkhani  et  al.  (2020),  Rana et  al. 
(2022),  Hoffreumon  &  Forman  (2024), 
Schwaeke et  al.  (2024),  Di  Vaio et  al. 
(2020)

6

Note: Some papers appear in multiple themes. Total unique sources in the SLR 
sample = 40. Two additional methodological references (Kitchenham and Charters, 2007; 
Thomas and Harden, 2008) support the review design.

4. DISCUSSION
This section interprets the findings and draws out implications for practice and future 

research.
4.1 Cross-cutting Insights

Three patterns recur across these forty studies.
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Data quality matters more than model complexity. Sculley et al. (2015) observed this 
early.  Teams spend weeks tuning hyperparameters while their  training data degrades. 
Paleyes et al. (2022) examined production failures and found that most originated upstream, 
in the data pipeline rather than the algorithm. Kreuzberger et al.  (2023) responded by 
embedding validation checks throughout their MLOps architecture. Bavaresco et al. (2023) 
spent months cleaning accounting records before their  transaction classifier performed 
acceptably. This finding tends to be underappreciated. Data preparation is tedious work. 
Teams often skip this step, which creates problems downstream.

Human oversight improves outcomes. Adam et al. (2021) tested chatbots without 
backup support. User frustration rose quickly. A human fallback reduced complaints. Huang 
and Rust (2021) drew a distinction. Repetitive work can run without supervision. Tasks 
requiring judgement still need human input. Gu et al. (2024) tracked trust recovery after AI 
failures and found that human intervention accelerated the process. Eulerich et al. (2024) 
interviewed auditors who use AI to flag anomalies but rely on professional judgement to 
interpret  them.  Fully  automated systems appear  efficient  in  theory.  In  practice,  hybrid 
arrangements perform better.

Governance trails deployment. Jobin et al. (2019) reviewed 84 AI ethics guidelines 
and found broad agreement on principles but little guidance on implementation. Mikalef et al. 
(2022)  called  for  structural  change within  organisations,  not  merely  policy  statements. 
Bonsón et al. (2021) tested whether large European firms followed their own guidelines. 
Many did not. The EU AI Act changed this (European Parliament, 2024). Non-compliance 
now carries financial penalties. Developers must document decision logic. Auditors must 
maintain logs. Eulerich et al. (2024) asked internal audit teams about their readiness. Most 
acknowledged gaps. Cancela-Outeda (2024) reported compliance difficulties even among 
well-resourced firms.

These three issues interact. When data quality drops, someone has to check the 
output manually. Manual review adds to operational expenses. Weak governance permits 
flawed systems to reach users, where failures become visible. Dwivedi et al. (2021) argued 
that  firms  should  tackle  all  three  at  once.  The  evidence  reviewed  here  supports  that 
recommendation.

4.2 Conceptual Framework
The forty studies reviewed here point to recurring patterns. Some choices work out 

well. Others backfire. Why does one firm succeed where another stumbles? This section 
tries to answer that question.

The framework has three columns. The left column lists what managers decide at the 
start. The middle column shows what happens next. The right column captures what the firm 
gets in the end.

Architecture comes first. Kreuzberger et al. (2023) compared modular designs to 
tightly coupled ones. Modular won. Fettke and Loos (2025) reached the same conclusion. 
When one module breaks, technicians can swap it out without touching the rest.
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Data quality ranks just as high. Sculley et al. (2015) called out a common trap. Teams 
spend months tuning algorithms while their data pipelines rot. Paleyes et al. (2022) collected 
examples  of  production  failures.  Flawed input  undermines  even  sophisticated  models. 
Outdated records and missing fields accumulate over time. Early detection of these issues 
saves money.

Should a firm build or buy? Hoffreumon and Forman (2024) weighed both sides. 
Packaged software gets you running fast but locks you into vendor decisions. Di Vaio et al. 
(2020) looked at firms that bought a platform and wrote their own scripts on top. Jorzik et al. 
(2024)  saw  the  same  pattern.  Few  resource-constrained  firms  attempt  full  custom 
development.

Why keep people in the loop? Adam et al. (2021) ran experiments on chatbot errors. 
Human reviewers caught  mistakes the algorithm missed.  Gu et  al.  (2024)  saw this  in 
customer service too. Speed drops when someone has to approve each output. Huang and 
Rust  (2021)  mapped  where  that  trade-off  bites  hardest.  Routine  tasks  tolerate  more 
automation than complex ones.

Eken  et  al.  (2024)  looked  at  monitoring  dashboards.  Early  alerts  prevent  small 
glitches from escalating. A quick fix today avoids a lengthy outage tomorrow.

Regulators add pressure. The EU AI Act took effect in 2024 and now requires firms 
using high-risk  tools  to  keep logs (European Parliament,  2024).  Eulerich et  al.  (2024) 
surveyed internal auditors. Most admitted their controls lagged behind the technology. Jobin 
et  al.  (2019)  had  flagged  this  gap  years  earlier.  Written  policies  mean  little  without 
enforcement.

Context matters too. A setup that fits a 500-person retailer may overwhelm a ten-
person online shop. One firm has engineers on staff. Another relies on a single IT contractor. 
Budgets vary just as much. No single blueprint works everywhere.

Table 2 sorts the design options by three dimensions. On architecture, a firm can 
choose a single server, microservices, or full MLOps. On human involvement, options range 
from approving every output to stepping in only on exceptions to full autonomy. On sourcing, 
firms pick between vendor tools, in-house builds, or a mix. Match the choice to the situation.

Tab. 2 Taxonomy of AI Automation Design Options
Dimension Option A Option B Option C

Architecture Monolithic  (single 
server)

Modular (microservices) Full  MLOps  (auto-
retrain)

Human Role Full  approval  (all 
outputs)

Exception-based  (flags 
only)

Autonomous  (no 
review)

Sourcing Vendor (off-the-shelf) In-house (custom build) Hybrid  (platform  + 
scripts)

Five propositions capture the main lessons. Each one can be tested with fresh data.
P1: Fixing data problems pays off faster than tuning models. Sculley et al. (2015), 

Paleyes et al. (2022), and Kreuzberger et al. (2023) all back this claim.
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P2: Human review cuts errors but adds delay. Adam et al. (2021) and Huang and Rust 
(2021) showed both sides. Where mistakes cost money or reputation, the slowdown may be 
worth it.

P3: Controls often trail deployments. Eulerich et al. (2024) and Jobin et al. (2019) 
documented the lag. Under the AI Act, that lag now carries legal risk (European Parliament, 
2024; Cancela-Outeda, 2024).

P4: Mixing vendor software with custom code works better for small firms than going 
all-in on either one. Schwaeke et al. (2024) and Rana et al. (2022) pointed to budget and skill 
limits. Di Vaio et al. (2020) and Jorzik et al. (2024) documented real-world examples.

P5: Tax automation lags behind demand. In 2021, the EU rolled out the OSS regime 
and  added  new  VAT  duties  for  cross-border  sellers  (European  Commission,  2021). 
Academic research on this topic remains thin. Small firms have few reliable tools to choose 
from.

What use are these propositions? Researchers can test  them. Practitioners can 
watch for the risks they flag. Pulling forty papers together serves little purpose unless 
something  actionable  emerges.  These  five  statements  offer  a  starting  point  for  future 
empirical work.

4.3 Implications for Tax Compliance Automation
VAT compliance offers a concrete test case for the patterns identified above. Online 

sellers must report VAT in several countries, but few studies address how to automate this. 
The OSS regime cut registration steps but shifted calculation and records onto sellers 
(European Commission, 2021).

Several findings from this review carry over to the tax domain. An MLOps setup could 
feed sales data through rate tables and generate VAT returns (Kreuzberger et al., 2023). 
Bots can take over the repetitive filing, leaving staff to handle exceptions (Perdana et al., 
2023). Platforms could train fraud models jointly without sharing raw data (Zhao et al., 2021).

The same barriers hit small firms just as hard. Small firms lack the IT muscle for 
custom builds, and off-the-shelf tools cost too much for their revenue (Schwaeke et al., 2024; 
Hoffreumon and Forman, 2024). Free tools exist, though they demand technical know-how. 
Mixing vendor software with simple custom scripts could split the difference (Di Vaio et al., 
2020).

Compliance rules pile on extra work. If a VAT bot falls under the AI Act's high-risk 
category, it must keep logs and explain its outputs (European Parliament, 2024). The same 
RPA controls from accounting apply to tax automation (Eulerich et al., 2024).

Future  research  should  test  whether  the  efficiency  gains  reported  for  general 
accounting  automation  hold  in  the  VAT context.  Field  tests  comparing  manual,  partly 
automated, and fully automated filing would show which option suits small firms best.

5. LIMITATIONS
This review comes with caveats. The search only covered English-language articles, 

so work in German, French, or Mandarin may reveal adoption patterns that English sources 
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miss. Scopus and Web of Science were the only databases used; trade press, working 
papers, and regional journals indexed elsewhere were left out.

The 2020–2025 window captures recent developments but skips earlier foundational 
work on expert systems and rule-based automation. Five pre-2020 works were retained: two 
methodological references (Kitchenham and Charters, 2007; Thomas and Harden, 2008) 
and three seminal studies where no equivalent post-2020 treatment exists (Sculley et al., 
2015; Jobin et al., 2019; Kumar et al., 2019). The search terms centеred on AI, machine 
learning, and RPA. Papers using labels like "intelligent automation" or "cognitive computing" 
may have slipped through the net.

Grey  literature  was kept  to  a  handful  of  EU reports  and standards  documents. 
Company white papers and consultancy studies were excluded because quality varies and 
claims are hard to check. Thematic synthesis also involves judgment calls.  A different 
researcher might carve up the same 40 papers in a different way. The clusters here reflect 
one reading, not the only possible one.

None of this wipes out the findings, but readers should weigh them against their own 
settings.

6. CONCLUSION
This  review synthesised forty  studies on AI-driven business process automation 

published  between  2020  and  2025.  The  literature  clusters  into  six  areas:  workflow 
orchestration, e-commerce tools, human oversight, governance requirements, accounting 
automation and SME adoption choices.

Three findings stand out. First, technology alone does not guarantee results. How 
teams set up pipelines and manage data quality matters as much as algorithm selection. 
Second, people still need to check outputs at key stages. Disclosure of automation can shift 
user behaviour, and empathy gaps in chatbots damage trust after errors. Third, governance 
frameworks trail the technology. Companies often roll out AI tools before updating internal 
controls or meeting new regulatory requirements.

The review maps design decisions that shape automation outcomes across domains 
that  rarely  cite  each  other.  A  stubborn  gap  remains:  few  studies  measure  whether 
automation spending actually  pays off.  Practitioners  should  note  that  data  quality  and 
pipeline monitoring deserve as much attention as model accuracy. Human checkpoints 
catch errors that algorithms miss. Compliance teams should track the EU AI Act and update 
controls before auditors come knocking.

VAT compliance stands out as an area ripe for further work. Online sellers face 
growing cross-border obligations, yet academic research on automating these tasks remains 
thin. Field studies comparing manual, partly automated and fully automated VAT filing would 
show which setup fits micro and small firms best. Prototype tools tested with real users can 
fill this gap. Small firms need hands-on guidance, not abstract frameworks.
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