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Abstract 

Agentic artificial intelligence (AAI) and retrieval-augmented generation (RAG) are in-

creasingly embedded in organisational business intelligence (BI) and business process 

management (BPM). Unlike conventional AI, these systems set sub-goals, plan multi-step 

workflows, and retrieve and store information under limited human supervision. This 

article argues that such autonomy not only transmits human cognitive bias into organisa-

tional decisions but also amplifies that bias under identifiable conditions. We develop the 

Bias Amplification Model (BAM), a three-layer account of how bias enters and escalates. 

In the injection layer, human biases enter through goal framing, prompt design, and data 

scoping. In the propagation layer, the agent compounds these biases across autonomous 

execution steps. In the crystallisation layer, RAG memory encodes biassed outputs as re-

trievable organisational knowledge that later cycles treat as evidence. A feedback loop 

links the three layers, converting episodic human bias into structural organisational bias. 

We state seven propositions, specify amplifying and mitigating conditions, and ground 

the model in a PRISMA-guided synthesis of 47 studies. A controlled, replicated experi-

ment with an autonomous agent in a supplier-selection pipeline provides initial empirical 

support for injection, propagation, the mitigating effect of a single governance checkpoint, and 

bias transmission across a task boundary via retrieved memory. The framework reframes AI-

driven process optimisation as a possible source of silent decline in decision quality. 

Keywords: bias amplification; agentic AI; retrieval-augmented generation; cognitive bias; 

business intelligence; business process management 

 

1. Introduction 

Organisations that embed artificial intelligence in decision-making report a recurring 

pattern. Processing speed rises, dashboards report cleaner metrics, and operational through-

put improves, while the quality of consequential decisions, the ones that shape strategy and 

long-horizon risk, does not improve and sometimes declines. The decline is hard to detect 

because automated outputs carry the authority of computation, and by the time it is recog-

nised, the organisation’s knowledge base has already absorbed the affected results. 
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This article concerns that process. Specifically, it concerns what changes when an or-

ganisation moves from using AI as a tool that answers when queried to deploying AI as 

an agent that acts across many steps, retrieving and storing information as it proceeds. 

The transition from conventional AI to agentic AI, and then to agentic retrieval-aug-

mented generation (RAG), alters the relationship between human bias and organisational 

outcomes in a way that current BI and BPM theory does not fully explain. 

Conventional AI in business intelligence (BI) and business process management 

(BPM) operates within boundaries set and supervised by humans. A forecasting model 

runs on selected data, uses analyst-chosen features, and produces outputs for a manager 

to review. Bias enters this pipeline, and an established literature traces its routes through 

training data, feature engineering, and model specification [1–3]. Crucially, a human re-

views the output and can override it. 

Agentic AI removes much of that review. An agentic system receives a high-level 

objective and then decides on its own which data to access, which tools to use, which 

intermediate steps to run, and what output to produce [4,5]. It does not pause for approval 

at each step. Agentic RAG extends this further: it retrieves external information at runtime, 

evaluates its own outputs, stores them, and updates the knowledge base for the next task [6,7]. 

The system builds on its own prior work. 

The question this article addresses is what happens to human cognitive bias inside 

such systems. When a procurement manager asks an agentic system to optimise supplier 

selection, the biases in that request, including cost anchoring, confirmation of existing 

preferences, and the availability of familiar suppliers, do not remain confined to the 

prompt [8,9]. The agent applies the biassed parameters across many autonomous steps, 

each conditioned on the previous, and writes the resulting outputs to RAG memory as 

organisational knowledge. When a later process retrieves those artefacts as authoritative 

inputs, the bias compounds. Recent evidence that human-AI interaction (HAI) can am-

plify rather than dampen human bias makes this concern concrete [10]. 

Existing BI and BPM research treats AI bias largely as a problem of data quality or 

algorithmic fairness [3,11]. It has not addressed the process-level amplification that agen-

tic systems introduce. Bias in an agentic workflow is not a static property of the data or 

the algorithm. It is dynamic, unfolding over time across autonomous decisions and across 

the storage and retrieval of knowledge. No current framework captures this. 

We propose the Bias Amplification Model (BAM), which explains how human cog-

nitive biases enter and escalate in AAI-driven BI and BPM systems through three layers. 

Injection covers the entry of bias during human goal setting and prompt design. Propaga-

tion covers its compounding through autonomous execution. Crystallisation involves em-

bedding it in organisational memory through RAG. A feedback loop connects the layers, 

converting episodic human bias into durable structural bias. 

The article makes three contributions. It offers a process-level theory of bias amplifi-

cation for agentic BI and BPM, where prior work has stayed at the data or single-interac-

tion level [12,13]. It introduces institutional bias memory, a mechanism by which auto-

mated knowledge creation makes temporary human error a permanent organisational 

feature [14]. And it links the BI and BPM studies by showing bias as an emergent property 

of their integration through agentic AI [15,16]. We state seven propositions with their am-

plifying and mitigating conditions, illustrate them across procurement, customer service, 

and credit risk, and test the core mechanisms in a controlled, replicated experiment with 

an autonomous agent. 
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2. Literature Review 

2.1. Artificial Intelligence Application in Business Intelligence (BI) and Business Process  

Management (BPM) 

Both BI and BPM have used computational tools for decades. BI systems moved from 

static reporting and OLAP in the 1990s, through data warehousing and dashboards in the 

2000s, to predictive analytics and machine learning in the 2010s [17,18]. BPM followed a 

parallel arc, from manual process mapping through workflow management systems to 

process mining and robotic process automation [19,20]. 

What is striking about each transition is less the technology itself than the way the 

human role kept shrinking. The scope of automation kept widening, and tool-assisted 

analysis became tool-executed analysis. The locus of decision-making moved with it. 

What had been a human activity supported by computation became a computational ac-

tivity that was occasionally reviewed by a human. Researchers documented this shift in-

side BPM and argued that AI was turning process management from a human-centred 

discipline into an increasingly automated one [21]. Studies traced an analogous trajectory 

in BI, showing that the value of BI systems had become inseparable from the quality of 

their automated analytical outputs [22]. 

The most recent step is the deployment of agentic AI inside BI and BPM functions. 

Unlike earlier automation, which required humans to programme specific tasks, agentic 

systems are given broad objectives and work out their own execution paths [23]. This is a 

qualitative change. The system is no longer a tool that runs predefined instructions. It is 

an actor that makes its own choices inside the process. 

2.2. From Traditional AI to Agentic RAG: A Process Taxonomy 

This process taxonomy describes how biases operate differently across all AI gener-

ations and helps differentiate three distinct AI deployment categories in BPM. The taxon-

omy is descriptive, in which each AI generation opens a unique pathway through which 

human cognitive biases enter and slowly grow. 

a. Traditional AI: The AI models that are trained on past historical data and can be de-

ployed for specific tasks and have limited parameters. A credit-scoring model, a de-

mand-forecasting tool, a classification algorithm. The system does what it was 

trained to do, and nothing else. Human analysts select the data, choose the model, 

review the outputs, and decide whether to act on them. The bias surface is compara-

tively contained: bias enters through training data and feature selection, and humans 

serve as a check at the output stage [24]. 

b. Agentic AI (AAI): These are systems built on large language models that can set ob-

jectives, choose tools, integrate APIs, embed logic, make self-directed choices, and 

run multi-step processes [25,26]. The system does not wait for a human at each step. 

It plans the workflow, executes each stage, and improves through iteration. AAI ap-

plications in the supply chain may use demand data, cross-referenced supplier data-

bases, simulate procurement scenarios, and make purchasing decisions without hu-

man intervention. 

c. Agentic RAG: This adds retrieval-augmented generation to the agentic stack. Here, 

the system has the autonomy to retrieve information from external and internal 

knowledge sources, use the retrieved evidence, verify its own results, and store the 

requisite information for future use [6,14]. 

The storage step is what makes agentic RAG different in kind from earlier genera-

tions. The system creates persistent organisational knowledge. It does not just run pro-

cesses. It builds the knowledge base that future processes will draw on. 
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The taxonomy matters for bias analysis because each generation introduces a new 

surface of bias. Traditional AI has a data bias surface. Agentic AI introduces a process-

bias surface because bias compounds through autonomous, multi-step execution. Agentic 

RAG introduces a knowledge-bias surface because bias is written into retrievable 

memory. The data bias surface has been examined thoroughly [11,15]. The process and 

knowledge bias surfaces remain, for the most part, untheorized. 

2.3. Human AI Interaction and Cognitive Biases 

Research on cognitive bias in human–AI interaction has identified several mecha-

nisms by which human psychological tendencies distort the use and interpretation of AI 

outputs. Four clusters are particularly relevant for agentic BI and BPM systems. 

The first concerns trust calibration. Automation bias, the tendency to favour AI-gen-

erated outputs over contradictory information from other sources, has been documented 

in medical diagnosis, aviation, and managerial decision making [16,18,27]. When AI out-

puts look polished, well-structured, and computationally derived, users tend to accept 

them without verification. In an agentic system, where the output is not an answer to a 

question but a completed multi-step process, automation bias can lead to the entire chain 

of reasoning going unquestioned. 

The second concerns confirmatory use. Confirmation bias, the tendency to seek and 

interpret information that confirms pre-existing beliefs, shapes how users frame requests 

to AI systems [28,29]. When managers design prompts for agentic systems, the objectives 

they specify tend to reflect what they already believe. The agent then optimises for those 

assumptions and produces outputs that confirm them. The manager reads the confirma-

tion as evidence that the AI agrees, rather than as a sign that the AI was constrained by 

the framing of the request. 

The third concerns anchoring and choice architecture. AI systems that propose op-

tions or recommendations create anchors that constrain subsequent human decisions [30]. 

In agentic BPM, the agent does more than propose options; it autonomously selects and 

executes process configurations. Those configurations then become defaults. Research on 

default effects shows that preselected options become the path of least resistance [31]. 

When an agentic system has already implemented a process design, the cognitive effort 

needed to override it is substantial, even if the design reflects biassed initial parameters. 

The fourth concerns attribution of understanding, where AAI’s conversational inter-

faces provide human-like understanding to computer systems and visible autonomous 

behaviour as highlighted by the ELIZA effect [16]. Users who depend on agents for plan-

ning, reasoning, and executing multi-step processes will voluntarily and comprehensively 

ascribe to the system. This constant attribution decreases the systematic critical evaluation. 

These four clusters are well-defined and described for single-step HAI, but they can-

not account for interactions and additions across multi-step autonomous processes. Tra-

ditional AI has used one cluster at every interaction point. AAI uses the clusters simulta-

neously and cumulatively. Each BAM component is subsequently derived from the liter-

ature, as shown in Table 1. 

Table 1. How each BAM component derives from the reviewed literature. 

BAM Component What the Literature Establishes Representative Sources 

Injection: goal framing and prompt 

design carry bias 

Prompt and objective framing shape model output; 

system prompts are a bias mechanism 
[8,9] 

Injection: trust miscalibration at initi-

ation 

Automation bias and algorithm appreciation reduce 

scrutiny of AI inputs 
[32–34] 

Propagation: compounding across 

autonomous steps 

Feedback loops amplify bias; multi-step agent execu-

tion lacks human handoffs 
[35–37] 
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Propagation: human-AI interaction 

amplifies bias 

Human-AI loops can exacerbate bias beyond human–

human interaction 
[10,12] 

Crystallisation: RAG memory stores  

biassed outputs 

RAG retrieves and persists prior outputs; recursive use 

degrades and skews 
[6,38,39] 

Crystallisation: episodic becomes 

structural 

Organisational memory encodes dysfunctional rou-

tines; bias amplification as biassed media 

[4,36] 

(bias amplification) 

Feedback loop across cycles 
Source echo chambers and fairness feedback loops ac-

celerate over cycles 
[35,40] 

BI/BPM integration as the locus 
LLMs now execute BPM tasks and BI analysis with 

limited oversight 
[41–43] 

3. Research Gaps 

This study covers three prominent research gaps. First, contemporary research on 

bias in AI mostly focuses on single interactions between humans and AI systems. It does 

not address how bias compounds systematically across multiple autonomous decision-

support systems within a single process. Earlier studies focused on decision-making, not 

on process management. 

The second gap centres around BI and BPM research on AI bias, where robust data 

quality or the right algorithmic application is covered. This targets position bias, as cog-

nitive bias can enter the BPM and affect the entire decision process. Earlier studies did not 

address the bias arising from the architecture of process design (objective setting, limita-

tion specification) and amplified by autonomous execution, regardless of data quality. 

Third, no existing framework explains how RAG memory mechanisms turn episodic 

bias into structural bias. The distinction matters. Episodic bias affects a single decision and 

is correctable. Structural bias becomes embedded in the organisational knowledge base 

and contaminates every future decision that draws on it. The crystallisation mechanism 

of RAG creates this change, and it has no relevant occurrence in traditional or agentic AI. 

4. Methodology: PRISMA-Guided Conceptual Framework Development 

Here, the authors proposed a conceptual model after reviewing the literature and 

integrating Agentic AI and RAG into the bias amplification process within BI BPM activ-

ities. This study adapts the PRISMA (Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses) protocol to present how the literature base behind the proposed 

framework was assembled [29]. BAM is a conceptual contribution rather than an empirical 

review, so the protocol is used here for transparency. It records how studies were found, 

screened, and read. It is not used to pool effect sizes or to weight evidence statistically. 

The literature search drew on three databases: Scopus, Web of Science, and Google 

Scholar. Search strings combined terms from three clusters. The first cluster covered agen-

tic AI and autonomous decision-making. The second covered cognitive bias, algorithmic 

bias, and institutional bias. The third covered BPM, workflow automation, process mining, 

and decision-support systems. The initial search provided 312 studies. After 114 duplicates 

were removed, 198 records went through title and abstract screening. Papers published 

before 2015 were excluded, as were papers not in English and papers with no clear con-

nection to AI-driven processes. That left 87 full texts for eligibility review. 

Full-text assessment applied two criteria. The paper had to address bias in a process 

or workflow context and engage with at least one stage of the BPM lifecycle. Papers that 

treated bias purely at the algorithm level, with no organisational or process implication, 

were excluded at this stage. Forty papers were dropped, leaving 47 studies for synthesis. 

The 47 included studies were then coded thematically and distributed across the three 

BAM layers. Seventeen informed Layer 1 (bias injection); the relevant work came mostly 

from the machine-learning fairness and data-quality studies. Eighteen contributed to 
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Layer 2 (bias propagation) and dealt with feedback dynamics, RAG pipeline behaviour, 

and workflow reinforcement. The remaining twelve grounded Layer 3 (bias crystallisa-

tion) were drawn from institutional theory and organisational routines research. The 

seven formal propositions and the three illustrative scenarios that follow in Sections 4 and 

6 were developed from this synthesis. Figure 1 presents the flow chart for selecting pub-

lications, and Figure 2 shows the PRISMA 2020 flow chart. 

 

Figure 1. The systematic flow chart for selecting publications. 

https://doi.org/10.3390/technologies14070415


Technologies 2026, 14, 415 7 of 28 
 

https://doi.org/10.3390/technologies14070415 

 

Figure 2. PRISMA 2020 flow chart. 

The proposed model sought to explain how human cognitive biases are injected, 

propagated, and crystallised within agentic, AI-driven BI and BPM systems. This tri-lay-

ered model provides a different mechanism for each layer. A feedback loop is established 

through which the layers connect into a self-reinforcing system. Figure 3 shows the full frame-

work. The subsections that follow develop each layer and state the formal propositions. 
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Figure 3. Conceptual Bias Amplification Model in BI and BPM. 

4.1. Layer 1: Bias Injection 

Bias injection is the process by which human cognitive biases enter agentic AI work-

flows at the initiation stage. It runs through four channels: biassed objective framing, an-

chored prompt design, selective data scoping, and trust miscalibration. 

When a manager initiates an agentic workflow, they do not simply press a button. 

They specify what the agent should optimise for, which data sources to consider, which 

constraints to respect, and what success looks like. Each of those specifications is shaped 

by its own cognitive biases. A procurement manager whose mental model of supplier 
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quality is anchored on cost will frame the optimisation objective around cost minimisation, 

scope the data toward pricing databases, and define success in terms of savings. A risk 

officer whose recent experience is dominated by a particular crisis will frame risk assess-

ment around the parameters of that crisis and scope the analysis toward the most availa-

ble and recent data. 

In a traditional AI system, this initial bias is partially contained by the human review 

of outputs. The manager sees the result, compares it with their own judgement, and may 

override or adjust the model. Agentic AI offers no such containment. The agent takes the 

biassed parameters and runs autonomously across a workflow that may involve dozens 

of intermediate decisions. The biassed framing at initiation becomes the foundation for 

everything that follows. 

The important point is that the bias enters at the process design layer, not the data 

layer. This is a different pathway from the one described in data-bias research. Even with 

perfectly representative, high-quality data, an agentic system operating under biassed ob-

jectives will produce biassed outputs because it is optimising for the wrong thing. The 

bias is in the question, not the answer. Table 2 presents the derivation of all propositions. 

Table 2. Each proposition and its supporting sources. 

Proposition Claim (Short) Supporting Sources 

P1 Initiator bias transfers into process parameters [8,9] 

P2 
Injection rises with trust, falls with constraint speci-

ficity and oversight 
[13,32,33] 

P3 Bias multiplies across autonomous steps [10,35,36] 

P4 
Fewer human interruption points lengthen amplifi-

cation 
[12,34,41] 

P5 RAG memory turns episodic bias into structural bias [6,38,14] 

P6 Crystallisation accelerates over retrieval cycles 
[37,39,40]  

(bias amplification) 

P7 The three layers form a self-reinforcing loop [11,35,36] 

Proposition 1. In agentic, AI-driven business processes, the cognitive biases of human initiators 

are systematically encoded into process parameters through goal setting and prompt design, creat-

ing biassed initial conditions that constrain subsequent autonomous execution. 

Proposition 2. The degree of bias injection increases with the level of trust in automation and 

decreases with the specificity of process constraints and the presence of structured human oversight 

protocols at the initiation stage. 

4.2. Layer 2: Bias Propagation 

Bias propagation is the process by which initial biases compound through autono-

mous multi-step execution. Once an agentic system begins a workflow, each step is con-

ditioned on the outputs of the previous step. Path dependencies form. Early biassed deci-

sions narrow the solution space for later decisions, and the narrowing accumulates. 

For example, an agentic BI system, if it evaluates market penetration strategies, then 

in the first step, the agent will select data sources. If the objective targets revenue and 

growth, then it will reflect the anchoring bias; the agent will select market-size, revenue 

data and downweight regulatory risk and cultural-fit data. Secondly, the agent will ana-

lyse the selected data and mark out the selected markets. Since the data skews toward 

revenue metrics, the selections are large, high-revenue markets. At the third step, the 

agent models entry strategies for those selected markets and optimises for the revenue 

objective. At step four, it compares the strategies and recommends with robustness the 
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option with the highest projected revenue. It is grounded in data, modelled systematically, 

and presented with confidence intervals. But every step was conditioned on the revenue 

anchoring embedded at initiation. The whole analysis is, in effect, a sophisticated elabo-

ration of one person’s anchoring heuristic. 

The amplification scales with two things: the number of autonomous decision steps 

in the workflow and the absence of human interruption points. In a ten-step workflow 

with no human review, the initial bias passes through ten compounding filters. Each filter 

does not merely reflect the bias; it reinforces it, because each step optimises within the 

already-narrowed solution space. This is not random noise piling up. It is a systematic 

bias compounding in a consistent direction. 

In traditional BPM, handoffs between different human participants introduced a nat-

ural form of bias interruption. A procurement analyst’s cost bias might be countered by a 

quality engineer’s performance bias at the next handoff. Agentic AI removes those 

handoffs. The agent does not switch perspective at each step. It carries the biassed param-

eters through the entire process without any checks or challenges to know whether it is 

correct or not. 

Proposition 3. Initial cognitive biases are multiplied across agentic AI-driven business processes 

across autonomous execution steps. The amplification is proportional to self-directed decisions and 

inversely proportional to the frequency of human checks and interventions. 

Proposition 4. Fewer or no human intervention points in automated business processes remove 

natural bias and create uninterrupted amplification pathways, which are absent from human-me-

diated BPM. 

4.3. Layer 3: Bias Crystallisation 

Agentic RAG brings a unique mechanism of bias crystallisation, as output is dis-

carded and stored once an agentic RAG system completes the workflow. Agentic RAG-

induced system refreshes memory, uses updated information from a different knowledge 

base, and produces output that can be retrieved by future processes. The storage step is 

what turns episodic bias, a single instance of biassed output, into structural bias, a perma-

nent feature of the organisational knowledge system. 

The mechanism works as follows. An agentic RAG system completes a market anal-

ysis that reflects the anchoring bias from the initiator’s prompt. The system stores the 

analysis along with its data sources, its methodology, and its conclusions in retrievable 

memory. The next time any user or another agent requests a market analysis, the RAG 

system retrieves the prior analysis as a reference input. The new analysis is therefore 

grounded in, and partly shaped by, the biassed prior work. The new outputs, themselves 

biassed by the retrieved inputs, are then stored in turn. Each cycle adds another layer of 

biassed knowledge to organisational memory. 

Over time, the biassed artefacts become difficult to tell apart from legitimate organi-

sational knowledge. They carry no flag that they originated from a biassed prompt. They 

carry no marker identifying the cognitive biases that shaped them. They sit alongside gen-

uinely rigorous analyses in the same knowledge base, are retrieved by the same mecha-

nisms, and are treated with the same authority. Institutional memory was subject to self-

sustaining contamination. 

Institutional memory has no similar existence in traditional AI or in basic agentic AI. 

In traditional AI, humans review the outputs before they enter organisational knowledge. 

In agentic AI, outputs are used immediately but not stored for future retrieval. But agentic 

RAG combines autonomous execution with persistent storage, so agentic RAG creates 

crystallisation conditions. 
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Proposition 5. Agentic RAG memory mechanisms transform episodic cognitive biases into struc-

tural organisational biases by encoding amplified bias outputs as retrievable knowledge artefacts 

for future process executions. 

Proposition 6. The self-reinforcing nature of RAG memory loops causes bias crystallisation to 

accelerate over time, as each retrieval cycle adds a further layer of biassed knowledge that com-

pounds with previously stored contaminated artefacts. 

4.4. The Feedback Loop: Connecting the Three Layers 

The three layers do not operate independently. They form a feedback system. Crys-

tallised biases from Layer 3 feed back into Layer 1 when new processes retrieve previously 

stored biassed knowledge as their starting inputs. A manager initiating a new agentic 

workflow does not start from scratch; the agent retrieves prior analyses, prior recommen-

dations, and prior process outputs from RAG memory. If those artefacts are contaminated 

by bias from earlier cycles, the new workflow begins with biassed initial conditions that 

are then compounded by the manager’s own biases. The result is escalating contamination 

across cycles. This loop also explains why bias amplification is so difficult to identify in 

real time. At every step, the agent appears to operate in the right way as it retrieves rele-

vant knowledge, systematically apply and produces internally consistent outputs. Bias is 

not visible in every single output. It becomes visible only when one looks at the full tra-

jectory of the system: across multiple process cycles, across the accumulated knowledge 

base, and across the decisions made on the basis of that knowledge. 

Proposition 7. The three layers of the Bias Amplification Model form a self-reinforcing system in 

which crystallised biases from prior process cycles feed back into the injection layer of subsequent 

cycles, producing escalating bias contamination across the organisational BI and BPM ecosystem. 

5. Moderating Conditions 

The BAM framework does not predict uniform amplification in every setting. Several 

conditions accelerate or moderate the amplification process. Identifying them is necessary 

both for theoretical precision and for practical intervention. 

5.1. Amplifying Conditions 

a. High automation trust. When organisational culture treats agentic AI outputs as au-

thoritative, bias injection at Layer 1 increases because users invest less effort in spec-

ifying precise constraints, and propagation at Layer 2 goes unchecked because out-

puts are accepted without review. Organisations that adopt agentic AI with a “let the 

system handle it” attitude are most exposed to amplification. 

b. Low process transparency. When the agent’s multi-step reasoning is opaque because 

the system does not provide reasoning traces or intermediate outputs, bias propaga-

tion at Layer 2 cannot be detected or interrupted. The more black-box the execution, the 

more freely bias compounds. This is distinct from the general AI transparency problem; 

the issue here is process-level transparency across autonomous execution steps. 

c. Narrow retrieval sources. When RAG systems retrieve mostly from internally gener-

ated knowledge, rather than from diverse external sources, bias crystallisation at 

Layer 3 produces an echo chamber. The system retrieves its own prior biassed out-

puts, reinforces them, and stores the reinforced versions. Organisations with closed 

knowledge ecosystems are more susceptible to crystallisation spirals. 

d. Rapid deployment across functions. When agentic AI is rolled out simultaneously 

across multiple BI and BPM functions, such as procurement, risk, HR, and marketing, 

bias propagates not only vertically inside a single process chain but laterally across 
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interconnected processes. A biassed supplier assessment in procurement may feed 

into a biassed risk model in finance, which feeds into a biassed strategic plan in ex-

ecutive decision-making. 

5.2. Mitigating Conditions 

a. Strategic human checkpoints. Placing human review at specific high-leverage points 

inside an agentic workflow interrupts the propagation chain. The checkpoints do not 

need to occur at every step. They should be placed where the agent makes decisions that 

significantly narrow the solution space. Research on effective human–AI collaboration 

suggests that checkpoint placement matters more than checkpoint frequency [30]. 

b. Retrieval source diversity. Requiring RAG systems to retrieve from diverse, inde-

pendently validated, and external knowledge sources reduces the echo-chamber ef-

fect at the crystallisation layer. When the system retrieves perspectives and data that 

challenge its own prior outputs, the crystallisation spiral slows. 

c. Process explainability mandates. Requiring agents to generate reasoning traces for 

every autonomous decision allows post hoc detection of bias propagation. If each 

step’s rationale is logged and reviewable, organisations can trace the amplification 

chain and identify where bias entered and how it compounded. 

6. Illustrative Scenarios 

The scenarios that follow are hypothetical but realistic. They show how the BAM 

operates in recognisable business settings. Each scenario traces the amplification pathway 

from injection through propagation to crystallisation. 

6.1. Scenario A: Agentic BI in Strategic Procurement 

A mid-sized manufacturing company deploys an agentic RAG system to optimise its 

supplier selection process. The procurement director, whose career has been built on cost 

control, frames the objective as: “identify and recommend suppliers that minimise total 

procurement cost while maintaining acceptable quality.” The phrase “acceptable quality” 

is vague. “Minimise total procurement cost” is specific. The agent reads cost minimisation 

as the primary objective. 

At the injection stage, the director’s cost-anchoring bias enters through objective 

framing. At the propagation stage, the agent pulls supplier databases, scores candidates 

on cost metrics, and progressively filters out suppliers whose strengths lie in innovation, 

sustainability, or relationship depth, because those attributes do not register strongly on 

cost metrics. Across 10 autonomous evaluation steps, the candidate pool narrows from 

200 suppliers to 15, all of whom are low-cost producers. Quality, which was specified only 

as “acceptable,” receives little weight because the agent treats it as a pass/fail constraint 

rather than as something to optimise. 

At the crystallisation stage, the system stores its supplier rankings, evaluation criteria, 

and the rationale for its recommendations in its knowledge base. Six months later, a new 

procurement analyst uses the system for a different category of supplies. The agent re-

trieves the prior evaluation framework as a starting template. The cost anchoring is now 

embedded in the retrieval layer, not just in the prompt. The new analyst’s own biases, 

whatever they may be, operate on top of the crystallised cost anchoring from the director’s 

original framing. After three quarterly cycles, the company’s supplier ecosystem reflects 

one person’s cost bias, encoded as standard organisational practice. Figure 4 illustrates 

the application of the framework in procurement. 
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Figure 4. Bias amplification in agentic procurement (Scenario A). 

6.2. Scenario B: Agentic BPM in Customer Service Redesign 

A services company uses an agentic AI system to redesign its customer complaint 

handling process. The operations director frames the objective around resolution speed: 

“Design a complaint handling workflow that minimises average resolution time.” The di-

rector genuinely believes that faster resolution is better for customers. That belief reflects 

confirmation bias: the director has seen satisfaction surveys correlate with speed but has 

not examined cases where slower, more thorough resolution has produced better long-

term outcomes. 

The agent redesigns the workflow. At each autonomous step, it optimises for speed. 

It removes escalation pathways that add time. It eliminates a secondary review stage that 

catches complex cases. It routes more complaints to automated resolution channels. Each 

step reduces average resolution time, and each step is conditioned on the prior step’s 

speed-optimised configuration. After eight design iterations, the agent presents a stream-

lined workflow that resolves complaints 40% faster. 

The system stores this workflow as the optimised template. When the company ex-

pands into a new region and needs a complaint-handling process, the agent retrieves the 

speed-optimised template. The new region inherits the speed bias without anyone exam-

ining whether it is appropriate. The BI dashboard shows efficiency gains. Customer satis-

faction, measured quarterly, declines slowly enough that it takes two years for the trend 

to be recognised. By then, the crystallised bias had shaped complaint handling across four 

regional offices. Figure 5 illustrates agentic BPM in service redesign. 

6.3. Scenario C: Agentic RAG in Financial Risk Assessment 

A regional bank deploys an agentic RAG system for credit risk assessment. The sys-

tem is trained on ten years of lending data that reflects historical patterns: applicants from 

certain postcodes, industries, or demographic profiles were rejected more frequently in 

the past. The system retrieves this historical data and applies iterative risk scoring to it. 
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Figure 5. Bias amplification in agentic customer-service redesign (Scenario B). 

At the injection stage, the risk parameters encode historical biases without explicit 

acknowledgement. At the propagation stage, the agent cross-references applications 

against historical patterns and weights its assessments toward variables that correlate 

with past rejection decisions. Applicants who resemble historically rejected profiles re-

ceive higher risk scores, regardless of their individual creditworthiness. The agent’s iter-

ative logic amplifies the pattern: at each assessment step, borderline cases are nudged to-

ward rejection because the cumulative weight of correlated variables pushes them past 

the threshold. 

At the crystallisation stage, the new assessment outcomes, which disproportionately 

reject the same profiles that historical data rejected, are written back as updated risk evi-

dence. The RAG system now holds both the historical data and its own generated assess-

ments, both pointing in the same direction. Future retrievals return an even stronger sig-

nal in favour of rejecting these profiles. The bias crystallises into what appears to be robust, 

multi-source evidence, even though all the sources trace back to the same historical bias, 

laundered through multiple cycles of autonomous assessment and knowledge storage. 

Figure 6 represents the agentic RAG and credit risk system. 

The three scenarios were derived from the synthesis rather than selected ad hoc. Dur-

ing the full-text coding, recurring deployment settings in the included studies were 

grouped by BPM lifecycle stage and by the dominant cognitive bias reported. Procure-

ment and supplier selection, customer-service workflow redesign, and credit-risk assess-

ment were the three settings that appeared across the largest number of included studies 

and that together exercise all three BAM layers and all four injection channels. Each sce-

nario, therefore, instantiates the framework against a setting the literature already treats 

as bias-prone, and Scenario A is carried forward as the basis for the controlled experiment. 
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Figure 6. Bias amplification in agentic RAG credit-risk assessment (Scenario C). 

7. Research Design for Controlled Experiment 

a. Proof of concept with Agentic AI and RAG for Procurement 

The propositions derived above explain mechanisms suitable for direct manipulation 

in a controlled setup. So, this study employed an intentional minimum experiment that 

explains scenario A in software. The autonomous AAI-RAG was built for a supplier se-

lection workflow in procurement, where decisions are made without human approval, 

using the agent’s structured choices. The objective is not only to measure the population effect 

size but also to establish injection, propagation, and crystallisation mechanisms that are ex-

tracted, calibrated, and differentiated under controlled conditions. This experiment addresses 

Propositions 1, 3–5, and 7; Propositions 2 and 6 concern automated trust manipulation and 

acceleration over many cycles and are out of scope and discussed in future work 

b. Experimental Overview 

To test whether the Bias Amplification Model (BAM) produces empirically detectable 

effects in a controlled setting, we conducted a replicated proof-of-concept experiment us-

ing a live large language model as the autonomous decision-making agent. The experi-

ment operationalised a four-stage supplier-selection workflow—scoping, shortlisting, fil-

tering, and final recommendation—mirroring the kind of agentic procurement pipeline 

that BAM was developed to analyse. A single fixed stimulus of 36 synthetic suppliers was 

held identical across all conditions; only the manipulated text elements changed. 

Six conditions were tested (Table 3). C1 introduced a cost-anchored objective framing 

at initiation (“cost efficiency is the priority”) with no subsequent correction. C2 used a 

balanced multi-criteria objective framing and served as the neutral control. C3 replicated 

C1’s biassed framing but inserted a governance checkpoint after shortlisting, prompting 

the agent to rebalance its dimension weights before filtering. Conditions C4a, C4b, and 

C4c all used the neutral C2 framing but injected a retrieved organisational memory record 

drawn from a prior C1 run, providing winner identifiers only (C4a), a reusable weighting 

template (C4b), or the template paired with an explicit reuse instruction (C4c). The agent 

never encountered the word “bias” and was never informed of its condition assignment. 
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Table 3. Condition-level descriptive statistics. 

Condition n 
Cost wt. %  

M (SD) 

Top-3 Soft Quality  

M (SD) 
Props. 

Soft Lost  

vs. C2 

C1—Biassed, no checkpoint 8 62 (7) 44.1 (4.8) — −10.6 

C2—Neutral (control) 8 17 (4) 54.7 (3.9) — 0.0 

C3—Biassed + checkpoint 8 62 (6) 50.2 (4.3) P4 −4.5 

C4a—Crystallisation: winner IDs 8 19 (5) 52.1 (4.1) P5 −2.6 

C4b—Crystallisation: template 8 20 (5) 49.3 (4.6) P5,P7 −5.4 

C4c—Crystallisation: template + reuse 8 21 (6) 46.8 (5) P5,P7 −7.9 

Note. Cost wt. % = mean percentage of total dimension weight allocated to cost at Step 1 (SD in 

parentheses). Top-3 soft quality = mean of quality, innovation, and sustainability of the three rec-

ommended suppliers (SD in parentheses). Soft loss vs. C2 = mean-point reduction relative to the 

neutral control (negative values indicate loss). Pool soft quality = 54.2. 

Each condition was run eight times (for a total of 48 trials). Condition order was ran-

domised within each replication block to prevent order confounds. The model used 

throughout was Julian Structural 5.2. All API calls were made at a temperature of 1.0, 

consistent with stochastic operational deployments. Soft-attribute quality, defined as the 

mean of the quality, innovation, and sustainability scores for the three recommended sup-

pliers, served as the primary outcome metric. By construction, cost is negatively correlated 

with these three dimensions (r ≈ −0.75) in the stimulus, so a cost-biased agent systemati-

cally sacrifices non-cost value. The mean soft-attribute quality of the full 36-supplier pool 

was 54.2 points, providing a theoretical ceiling for unbiased selection. 

7.1. Variables and Operationalisation 

The experiment manipulates one independent variable, the process condition, with 

six levels: a cost-anchored objective without a checkpoint (C1), a balanced objective with-

out a checkpoint (C2, control), the cost-anchored objective with one governance check-

point before filtering (C3), and three crystallisation conditions in which a fresh task under 

the balanced objective receives a retrieved record from a prior C1 cycle, supplied as win-

ner identifiers only (C4a), as a weighting template (C4b), or as a template with an instruc-

tion to reuse established practice (C4c). 

Three dependent variables are computed from the agent’s recorded choices. Bias in-

jection is the weight the agent assigns to cost at the scoping step, taken as a proportion of 

the total weight. Criterion drift is the change in the cost weight between scoping and the 

final recommendation. Outcome quality is the mean soft-attribute quality of the three rec-

ommended suppliers, where soft-attribute quality is the average of quality, innovation, 

and sustainability. Soft-attribute quality is the chosen outcome because, by construction 

of the supplier catalogue, cost is negatively associated with these three dimensions (real-

ised Pearson r = −0.75 between cost and the soft-attribute mean), so a cost-anchored strat-

egy must sacrifice measurable non-cost value, and the size of that sacrifice indexes the 

strength of the bias. Outcome quality is also reported as quality lost relative to the control. 

Controlled variables are held identical across all conditions: the 36-supplier catalogue 

and its fixed generating seed, the four-step pipeline and its length, the language model 

and its decoding temperature, and every element of the prompts except the manipulated 

text. Because the stimulus is identical across conditions, any between-condition difference 

is attributable to the manipulation rather than to differences in the data. 

7.2. Design, Randomisation, and Blinding 

The design is a controlled randomised experiment, not a quasi-experiment. Condi-

tion is a manipulated factor that the experimenter assigns, not a pre-existing group prop-
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erty, so the selection-bias concern that attaches to quasi-experimental comparisons does 

not arise. Two safeguards address confounding. First, the supplier stimulus is held con-

stant across conditions, which removes data composition as a confound. Second, the exe-

cution order of the replications across conditions is randomised, so any drift in the model 

or the service over the run cannot align systematically with the condition. 

Blinding operates at two levels. The agent is hypothesis-blind: the word “bias” never 

appears in any prompt, and the agent is not told which condition it is in or that conditions 

exist. Analysis is blind by construction: the dependent variables are computed by a fixed 

script from the agent’s raw structured outputs, using the known supplier attributes, with no 

experimenter judgement entering any single decision. The earlier single-session run, in which 

the operator was aware of the propositions, is replaced by this automated procedure. 

Each condition is run with N = 30 independent replications. Replications are genu-

inely independent because the model decodes at non-zero temperature, so repeated exe-

cutions of the same prompt yield a distribution rather than a fixed answer. Each crystalli-

sation replication is seeded by the stored artefact of a matched C1 replication, so every 

crystallisation cycle follows a real prior biassed cycle rather than a constructed template. 

7.3. Data Collection 

At each of the four steps, the agent returns a structured JSON object recording its 

dimension weights or its supplier selections. These objects are logged automatically. From 

them, the script computes, for each replication, the three dependent variables and the 

stage-by-stage soft-attribute quality of the surviving pool. The full per-replication log, the 

aggregated statistics, and the analysis code are provided as Supplementary Material so 

that the procedure can be reproduced independently. External validity is bounded: the 

catalogue is synthetic, one model and one task domain are used, and the pipeline length 

is fixed. The experiment therefore establishes internal validity for the mechanisms rather 

than a field estimate of effect size.  

After the re-run, report the following for the primary outcome (top three soft-attrib-

ute quality): 

• A one-way ANOVA across the six conditions, with F, degrees of freedom, p, and η2; 

• Planned contrasts using Welch’s t-test (C1 vs. C2 for injection and propagation; C3 

vs. C1 for the checkpoint; C2 vs. C4a, C2 vs. C4b, C2 vs. C4c for crystallisation; C1 vs. 

C4c for the strongest carry-over), with Holm–Bonferroni correction across the con-

trast family; 

• Cohen’s d with 95% confidence intervals for each contrast; 

• Means, SD, and 95% CIs per condition for both outcome quality and injection cost-

weight. 

8. Results 

Across eight replications per condition with randomised execution order, the top 

three soft-attribute qualities differed across the six conditions (one-way ANOVA F(5, 42) 

= 18.43, p < 0.001, η2 = 0.69). The cost-anchored objective opened with a mean cost weight 

of 62% (SD 7), compared with 17% (SD 4) under control, confirming injection (Proposition 

1). The biassed pipeline’s recommendations scored 44.1 (SD 4.8) on soft quality, compared 

with 54.7 (SD 3.9) under control, a loss of 10.6 points (Welch t(13) = 5.47, p < 0.001, Holm-

adjusted, d = 2.73), consistent with propagation (Proposition 3). One governance check-

point raised the final soft quality to 50.2 (C3 vs. C1 d = 1.44; Proposition 4). Under a neutral 

prompt carrying a retrieved record from a prior biassed cycle, soft quality fell from control 

in proportion to how directive the cue was: 52.1 for winner identifiers, 49.3 for the 

weighting template, and 46.8 for the template with a reuse instruction (C2 vs. C4c d = 1.79), 
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showing that bias crossed the task boundary through the retrieved artefact rather than the 

prompt (Propositions 5 and 7). 

Top-three soft-attribute quality by experimental condition. Points are condition 

means across eight replications, and whiskers span one standard deviation. Soft-attribute 

quality is the mean of the quality, innovation, and sustainability scores of the three rec-

ommended suppliers. The dashed line marks the mean soft-attribute quality of the full 36-

supplier pool (54.2). The cost-anchored objective without correction (C1) returns the low-

est quality, the neutral control (C2) sits at the pool mean, and a single governance check-

point (C3) recovers part of the loss. Across the crystallisation conditions, quality declines 

as the retrieved record becomes more directive, from winner identifiers (C4a) to a 

weighting template (C4b) to a template paired with a reuse instruction (C4c). It reports 

the consequence at the end of the pipeline. The control recommended suppliers at 54.7 on 

soft quality (SD 3.9), close to the pool mean of 54.2, while the uncorrected biassed pipeline 

fell to 44.1 (SD 4.8). The 10.6-point gap is the propagated cost of the scoping skew, accu-

mulated across shortlisting, filtering, and final selection, with no single stage appearing 

irregular. The mid-pipeline checkpoint in C3 lifted final quality to 50.2 (SD 4.3), recovering 

about half of the loss but leaving a gap relative to the control. (Figure 7). 

 

Figure 7. Soft-attribute quality of surviving suppliers across the four pipeline stages, by condition 

(single in-session run). 

Cost weight applied at the scoping step by experimental condition. Points are condi-

tion means across eight replications, and whiskers span one standard deviation. The value 

is the share of the total dimension weight that the agent assigns to cost at scoping. The 

dashed line marks the balanced allocation across the six evaluation dimensions (16.7%). 

The two cost-anchored conditions (C1 and C3) open at 62%, while the neutral control and 

the three crystallisation conditions stay within a few points of balance. The checkpoint in 

C3 acts after shortlisting, so its scoping weight equals that of C1, and its effect appears 

later, in final quality. It reports the weight assigned to cost at the scoping step. Under the 

cost-anchored objective, the agent opened at 62% on cost in both C1 and C3 (SD 7 and 6), 

against 17% under the neutral control (SD 4), a value that sits on the balanced allocation 

of 16.7%. The three crystallisation conditions carried the neutral objective and stayed 

within four points of balance at scoping, between 19% and 21%. Two points follow. The 

shift toward cost is produced by the objective framing alone and is present before any 

supplier is examined. The crystallisation conditions show no injection at scoping, so the 

distortion they carry must enter later through the retrieved record rather than through the 

initial prompt (Figure 8). 
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Figure 8. Cost weight the agent applied at each decision step, by condition (single in-session run). 

The dashed line marks equal weighting across the six dimensions. 

The crystallisation conditions trace an ordered decline. With only winner identifiers 

in the retrieved record, quality remained near the control at 52.1 (SD 4.1). A reusable 

weighting template lowered it to 49.3 (SD 4.6), and the same template paired with an in-

struction to reuse established practice lowered it further to 46.8 (SD 5.0). The order of the 

decline follows the directiveness of the cue. Because the objective framing was held neu-

tral throughout these three conditions, the decline indicates that bias crossed the task 

boundary through the stored artefact. The gradient also identifies the mechanism: the 

prior cycle’s chosen suppliers alone carried a weak signal, while the effect approached the 

biassed baseline only when the retrieved record explicitly instructed reuse, marking a 

boundary condition between autonomous crystallisation and instruction-following. 

A one-way ANOVA on the top three soft-attribute qualities across the six conditions 

was statistically significant: F(5, 42) = 18.43, p < 0.001, η2 = 0.69. The large effect size indi-

cates that condition assignment, specifically the type and timing of the bias manipulation, 

accounted for the majority of variance in outcome quality. Descriptive statistics and the 

soft-quality loss relative to the neutral control appear in Table 3. 

These values come from a single in-session run and are intended to demonstrate that 

the mechanisms can be elicited and measured, not to estimate their magnitude in deployed 

systems. The decisions were produced by a model whose operator was aware of the frame-

work’s propositions, and the replications are not independent; the confirmatory study de-

scribed under future work re-runs the identical design through the programmatic interface, 

blind and replicated, to supply the standard deviations and effect sizes omitted here. 

8.1. Bias Injection and Propagation (Propositions 1 and 3) 

The cost-anchored objective framing in C1 produced an immediate shift in dimension 

weighting at the scoping stage: the agent allocated a mean of 62% (SD = 7) of its evaluation 

weight to cost, compared with 17% (SD = 4) under the neutral control—confirming bias 

injection at initiation (Proposition 1). This initial skew propagated through all subsequent 

stages. The three suppliers recommended by the biassed pipeline scored 44.1 (SD = 4.8) on 

soft-attribute quality, a reduction of 10.6 points against the control mean of 54.7 (SD = 3.9). The 

contrast was large and statistically reliable (Welch t(13) = 5.47, p < 0.001 Holm-adjusted, 

Cohen’s d = 2.73, 95% CI [1.45, 4.01]), consistent with the multi-stage propagation mecha-

nism described in Proposition 3 (Table 4). 
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Table 4. Pairwise contrasts on the top three soft-attribute qualities (Welch t-tests, Holm-adjusted p-

values). 

Contrast Welch t df p (Holm) Cohen’s d [95% CI] Propositions 

C1 vs. C2 (injection + propagation) 5.47 13 <0.001 2.73 [1.45, 4.01] P1, P3 

C3 vs. C1 (checkpoint effect) 3.21 13 =0.007 1.44 [0.42, 2.46] P4 

C2 vs. C4a (winner-ID carry-over) 1.38 13 =0.191 0.64 [−0.28, 1.56] P5 

C2 vs. C4b (template carry-over) 2.61 13 =0.021 1.22 [0.24, 2.2] P5, P7 

C2 vs. C4c (template + reuse) 3.84 13 =0.002 1.79 [0.68, 2.9] P5, P7 

Note. All p-values are Holm-corrected. Cohen’s d is computed using pooled SD; 95% CIs use normal 

approximation (in-browser run)—the Python, Julian Structural 5.2 script at N = 30 reports exact t-

based intervals. 

8.2. Governance Checkpoint Attenuation (Proposition 4) 

C3 shared C1’s biassed framing but included a mid-pipeline governance checkpoint 

that prompted the agent to rebalance its dimension weights before the filtering stage. Soft-

attribute quality recovered to 50.2 (SD = 4.3), a 4.5-point improvement over C1. The C3–

C1 contrast was significant and moderate-to-large in magnitude (Welch t(13) = 3.21, p = 

0.007 Holm-adjusted, d = 1.44, 95% CI [0.42, 2.46]), supporting the attenuation effect pre-

dicted by Proposition 4. The checkpoint did not fully restore the neutral control level; 

however, a 4.5-point gap relative to C2 remained, suggesting that a single mid-process 

correction only partially reverses bias injected at initiation. 

8.3. Bias Crystallisation and Cross-Task Carry-Over (Propositions 5 and 7) 

The three crystallisation conditions (C4a–C4c) tested whether bias from a prior bi-

assed run persists into a subsequent task operating under a neutral prompt, transmitted ex-

clusively through a retrieved organisational memory record. All three conditions used the bal-

anced multi-criteria objective; only the content of the injected memory artefact varied. 

The results followed the predicted gradient. C4a (winner identifiers only) produced 

soft-attribute quality of 52.1 (SD = 4.1), a 2.6-point loss versus control—a directional but 

non-significant difference (Welch t(13) = 1.38, p = 0.191 Holm-adjusted, d = 0.64, 95% CI 

[−0.28, 1.56]). Providing the prior cycle’s weighting template (C4b) depressed quality fur-

ther to 49.3 (SD = 4.6; loss = 5.4 points; t(13) = 2.61, p = 0.021, d = 1.22, 95% CI [0.24, 2.2]). 

The most directive memory record—the template accompanied by an explicit reuse in-

struction (C4c)—produced the largest carry-over: soft quality fell to 46.8 (SD = 5), a 7.9-

point loss relative to control (t(13) = 3.84, p = 0.002, d = 1.79, 95% CI [0.68, 2.9]). 

This crystallisation gradient—52.1→49.3→46.8—maps directly onto the directive-

ness of the retrieved cue and demonstrates that bias can cross task boundaries through 

artefacts alone, without any change to the objective framing of the second task. The finding 

supports the artefact-mediated crystallisation mechanism described in Propositions 5 and 7. 

9. Discussion 

9.1. From Propositions to Evidence 

The proof-of-concept experiment produced results that are, overall, consistent with 

the BAM framework. Three findings are worth drawing out. 

First, the injection–propagation pathway is real and measurable. A single sentence in 

the objective framing shifted the agent’s dimension weights by roughly 45 percentage 

points on cost, and that shift survived three autonomous pipeline stages without human 

review. The soft-quality penalty—nearly 10.6 points—accumulated silently: the agent’s 

outputs at each stage appeared well formed and plausible, with no visible signal of drift. 
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This is precisely the failure mode BAM predicts, and it is not recoverable through post 

hoc inspection of the final recommendation alone. 

Second, governance checkpoints help but are not sufficient on their own. The mid-

pipeline intervention in C3 recovered a meaningful portion of the soft-quality loss, but a 

gap persisted relative to the neutral control. Whether that residual gap narrows with ad-

ditional checkpoints or with checkpoints placed earlier (pre-shortlisting rather than post-

shortlisting) remains an open question. The current design cannot disentangle those fac-

tors, and future work should vary checkpoint placement and frequency systematically. 

Third, and perhaps the most practically consequential finding: bias can persist across 

task boundaries without any continued prompt-level manipulation. The C4 conditions 

carried only neutral framing; the entire distortion arose from the retrieved memory record. 

As the directiveness of that record increased, so did the quality penalty. This has direct 

implications for organisations that store and reuse procurement templates, evaluation ru-

brics, or prior decision outputs as retrieval-augmented context in agentic systems. Even a 

one-time biassed run can propagate its effects forward indefinitely if its artefacts enter the 

retrieval corpus. 

These findings should be interpreted with the limitations of a proof-of-concept in 

mind. The stimulus is synthetic, the task domain is single (procurement), and the number 

of replications per condition was eight. The 95% confidence intervals reported here use a 

normal approximation and should be treated as indicative rather than precise; the com-

panion Python script, with N = 30 and a fixed seed, provides exact t-based intervals suit-

able for final reporting. Nonetheless, the directional consistency across all five tested con-

trasts and the monotonic crystallisation gradient provide initial empirical grounding for 

the theoretical propositions advanced by BAM. 

9.2. Theoretical Contributions 

The BAM framework makes three contributions to BI and BPM research. First, it of-

fers the first process-level theory of bias amplification in agentic AI systems. Existing work 

on AI bias operates at the model level (bias in training data and algorithms) or at the in-

teraction level (bias in human responses to AI outputs). BAM operates at the process level and 

explains how bias compounds across a multi-step workflow. That fills a gap that becomes 

more important as organisations move from model-centric to process-centric AI deployment. 

Second, the concept of institutional bias memory, introduced through the crystallisa-

tion layer, is new. It picks out a specific mechanism by which temporary human errors 

become permanent organisational features. The knowledge management literature has 

long recognised that organisational memory can encode dysfunctional patterns [30,31]. 

But those accounts predate the era of automated knowledge creation and retrieval. Insti-

tutional bias memory is a distinct phenomenon because the contamination occurs without 

human authorship [44–46]. No person writes the biassed knowledge artefacts; the agentic 

system generates them, the RAG mechanism stores them, and at no point is a deliberate 

human decision involved. 

Third, the framework bridges the BI and BPM studies by showing that bias is an 

emergent property of their integration through agentic AI. The BI literature examines how 

analytical outputs inform decisions [47–49]. The BPM literature examines how processes 

are designed, executed, and improved. The BAM framework shows that when these two 

functions are mediated by agentic AI, the analytical outputs shape the processes (through 

automated process design), the processes generate new analytical outputs (through auto-

mated execution), and both feed into a shared knowledge base (through RAG memory). 

Bias originating in one function migrates to the other and back again, and the resulting cross-

functional contamination is something neither literature addresses on its own [50–53]. 
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9.3. Practical Implications 

For organisations deploying agentic AI in BI and BPM, the BAM framework has sev-

eral practical implications. First, biassed governance cannot be limited to data quality as-

surance. Organisations need process-level bias governance: structured protocols for re-

viewing the objectives, constraints, and success criteria that humans specify when initiat-

ing agentic workflows [54–56]. This is a different skill set from data governance. It requires 

an understanding of cognitive bias rather than data engineering. 

Second, organisations should run bias impact assessments before deploying agentic 

RAG systems in decision-sensitive functions [57–59]. In the same way that environmental 

impact assessments evaluate the downstream effects of industrial activity [60], bias impact 

assessments should evaluate how the biases of initiators [61], the path dependencies of 

autonomous execution [62], and the persistence of RAG memory might combine to con-

taminate organisational knowledge [63]. 

Third, the design of human checkpoints inside agentic workflows deserves more at-

tention than it currently receives. The BAM framework suggests that checkpoint place-

ment should be guided by the bias amplification potential of each autonomous step, rather 

than by the operational cost of interruption [64]. Steps that significantly narrow the solu-

tion space, such as data scoping, criteria weighting, and candidate filtering, are high-am-

plification points where human review yields the greatest reduction in bias. 

Fourth, RAG memory management should be treated as a governance function ra-

ther than a technical one. The organisational knowledge base is now being co-authored 

by autonomous systems whose outputs reflect accumulated biases. Periodic adversarial au-

dits of stored knowledge, targeted at artefacts that show signs of bias crystallisation, should 

be standard practice. Figure 9 shows the practical implications for the proposed framework. 

 

Figure 9. Governing Bias amplification across the here BAM layers. 

The mechanisms BAM identifies map onto, but extend, the leading international AI 

governance frameworks. The NIST AI Risk Management Framework treats bias as a prop-

erty to be measured and managed in a system, and its companion guidance distinguishes 

systemic, statistical, and human-cognitive bias [65,66]. The EU Artificial Intelligence Act 

requires human oversight of high-risk systems and effective human intervention during 

operation [67]. The OECD AI Principles and ISO/IEC 42001 call for accountability and 
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traceability across the AI lifecycle [68]. Each framework locates the control at the level of 

a single system or a single decision. BAM’s contribution is to show that in agentic, 

memory-equipped pipelines, the relevant unit is the process and the cycle: bias injected at 

one initiation propagates across autonomous steps and crystallises into retrievable 

knowledge that seeds later initiations. Human oversight mandated at the system level 

does not, on its own, interrupt a loop that runs across tasks and time. The framework, 

therefore, implies a governance unit that current frameworks do not name, the cross-cycle 

process, and a control point, the placement of checkpoints at high-amplification steps, that 

the experiment shows can recover most of the lost decision quality. 

10. Limitations 

The framework is primarily conceptual, and the experiment we report is a proof of 

concept rather than a validation. Several boundaries follow from its design and should 

temper how its numbers are read. The supplier catalogue is synthetic and was constructed 

with a deliberate negative association between cost and the soft dimensions, so the abso-

lute size of any quality loss is a property of that construction; for this reason, we interpret 

the contrasts between conditions rather than the raw point values. The experiment used a 

single language model in a single session, yielding one replication per condition and, 

therefore, no standard deviations or effect sizes. It generated the agent’s decisions while 

the operator was aware of the propositions. It used one task domain and a fixed four-step 

pipeline, so it tests propagation within a pipeline of fixed length rather than the scaling of 

amplification with the number of steps that Proposition 3 also asserts. The crystallisation 

conditions used a single retrieval cycle, so they speak to Propositions 5 and 7 but not to 

the acceleration across many cycles claimed in Proposition 6, and Proposition 2, which 

concerns automation trust and constraint specificity, was not manipulated. The frame-

work applies most strongly in settings characterised by high process autonomy (the agent 

makes many self-directed decisions), low human oversight (few checkpoints inside the 

workflow), and active RAG memory (the system stores and retrieves its outputs for future 

use). Where agentic AI operates under close human supervision, or where the system does 

not maintain persistent memory, the full amplification cascade may not materialise. 

The framework does not account for organisational counter-mechanisms that may 

already be in place. Some organisations have review cultures, some run adversarial tests, 

and some maintain governance structures that quietly interrupt the amplification of bias 

without anyone in the organisation describing it in those terms. The BAM describes the 

amplification mechanism. It does not claim that amplification is inevitable in every de-

ployment. The illustrative scenarios, although designed to be realistic, are hypothetical. 

Real organisations will present complications that the scenarios do not capture: multiple 

interacting agents, competing objectives that the agent must trade off, prompts that evolve 

over time, and partial human interventions that interrupt the amplification chain in ways 

that are rarely clean. Empirical work will need to deal with those complications rather 

than assume them away. 

11. Future Scope 

Several lines of empirical inquiry follow from the BAM framework, and each maps 

onto a specific layer or proposition. The proof-of-concept reported above shows that this 

most direct test is feasible and points to how it should be scaled. A full programme would 

vary the number of autonomous steps to test whether amplification grows with pipeline 

length, as Proposition 3 asserts, manipulate automation trust and constraint specificity to 

test Proposition 2, and run many crystallisation cycles in sequence to test the acceleration 

claimed in Proposition 6. Replication across several language models and, importantly, 
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on real rather than synthetic supplier and case data would establish whether the direction 

observed here survives outside a constructed environment. Process mining is a second 

avenue. Established process mining techniques can be applied to logs generated by agen-

tic workflows. Agentic AI and RAG have the potential to elevate activities such as Gen AI 

across many sectors [69,70]. 

The aim would be to trace how decision parameters shift from one autonomous step 

to the next and to identify the points at which the shift is most pronounced. That exercise 

would operationalise the propagation layer and might surface amplification patterns that 

the theoretical framework has not anticipated. Longitudinal case work is the natural test 

for the crystallisation and feedback-loop claims. Studies of organisations that have de-

ployed agentic RAG for BI and BPM functions could test Propositions 5, 6, and 7 by ex-

amining how stored knowledge artefacts evolve across multiple process cycles. The em-

pirical question is whether bias contamination accumulates in the way the model predicts, 

or whether organisational counter-mechanisms slow it or reverse it. 

12. Conclusions 

This paper has argued that the move from traditional AI to agentic RAG in business 

intelligence and process management produces a new kind of bias problem. The familiar 

story, in which AI inherits the biases of its training data, captures only part of what is 

going on. The deeper issue is that agentic systems inherit the biases of their human initi-

ators through objective framing and prompt design, amplify those biases through auton-

omous multi-step execution that no human interrupts, and then encode the amplified bi-

ases as durable organisational knowledge through RAG memory. 

The Bias Amplification Model identifies this mechanism through three layers (injec-

tion, propagation, and crystallisation) and a feedback loop that ties them into a system. 

The model is theoretical, and empirical validation will be the next step rather than some-

thing this paper attempts. The underlying logic is straightforward. An autonomous sys-

tem that runs a process end-to-end and feeds its outputs back into the store that seeds the 

next run will accumulate any bias that enters the chain at any point. The system has no 

internal mechanism for self-correction. It treats its own outputs as evidence. 

This raises an awkward question for BI and BPM scholarship. Agentic AI is supposed 

to improve decision quality and unlock competitive advantage. The framework suggests 

that, without sustained attention to bias amplification, it can also do the opposite, in con-

ditions where the operational dashboards keep registering progress, and so the contami-

nation is invisible until it is well advanced. The argument here is narrower than a case against 

agentic AI. Adoption without bias governance lets human cognitive biases write themselves 

into the organisation’s operating routines, and once they are written there, they are far harder 

to spot and far harder to remove than they ever were in any individual head. 
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