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Abstract

The rapid integration of artificial intelligence and automated decision-making systems into public sector 
operations has fundamentally  altered the landscape of  civic  administration,  raising profound concerns 
regarding transparency, fairness, and accountability. As government agencies increasingly deploy complex 
algorithmic models for critical functions ranging from welfare distribution to criminal justice risk assessment, 
the traditional mechanisms of democratic oversight have proven inadequate for interrogating these opaque 
sociotechnical systems. This paper proposes a novel methodological approach to assessing algorithmic 
accountability through the application of graph analysis, conceptualizing the deployment ecosystem as a 
complex network of interacting human, institutional, and technical nodes. By mapping the flow of data, 
decision-making authority, and oversight responsibilities as directed edges within an accountability graph, 
this study provides empirical evidence of structural vulnerabilities and responsibility gaps in public sector 
algorithmic deployment. The research systematically evaluates how graph topological metrics, such as 
betweenness centrality and network density, can serve as proxy indicators for responsible deployment 
practices, offering a quantifiable framework for auditing black-box systems. Through extensive theoretical 
elaboration  and  structural  network  evaluation,  the  findings  reveal  that  accountability  in  public  sector 
algorithms is  frequently  localized in  peripheral  technical  nodes  rather  than  centralized  in  appropriate 
oversight  authorities,  thereby  violating  the  principles  of  responsible  deployment.  This  structural 
misalignment  necessitates  a  paradigm shift  in  algorithmic  governance,  urging  policymakers  to  adopt 
network-aware auditing mechanisms to ensure that automated systems remain answerable to the public 
they serve.
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1. Introduction

1.1 The Imperative of Algorithmic Accountability in Public Administration

The modern administrative state has increasingly turned to algorithmic systems and artificial intelligence to 
manage the growing complexity of public service delivery, resource allocation, and regulatory enforcement. 
This  digital  transformation,  driven  by  the  dual  imperatives  of  bureaucratic  efficiency  and  data-driven 
objectivity, has resulted in the widespread adoption of predictive models across diverse governmental 
domains, including child welfare services, criminal justice, public health, and tax administration. However, 
the  delegation  of  sovereign  decision-making  power  to  automated  systems  introduces  unprecedented 
challenges to the foundational democratic principles of accountability, due process, and transparency. In 
traditional administrative frameworks, human bureaucrats are held accountable through established legal, 
political, and institutional mechanisms, wherein decisions can be explained, appealed, and subjected to 
public scrutiny. In contrast, algorithmic systems often operate as black boxes, characterized by technical 
opacity,  proprietary  protections,  and  complex  machine  learning  architectures  that  defy  human 
interpretability. This opacity creates a critical accountability deficit, as it becomes exceedingly difficult for 
citizens, oversight bodies, and even the system operators themselves to understand how specific decisions 



Machine Learning and Applied Artificial Intelligence   |   https://mlai-journal.com

Vol. 1, Issue 2 (2026) 54

are rendered, who is responsible for systemic failures, and how algorithmic harms can be redressed. The 
transition  from  human-centric  to  algorithmically  mediated  governance  therefore  necessitates  the 
development of new paradigms for assessing and enforcing accountability in the public sector [1].

The  concept  of  algorithmic  accountability  extends  beyond  mere  technical  transparency  or  model 
explainability; it encompasses the entire sociotechnical ecosystem within which the algorithm is designed, 
deployed, and maintained. True accountability requires a clear delineation of responsibility among the 
myriad actors involved in the algorithmic lifecycle, including data scientists, institutional managers, third-
party software vendors, policymakers, and frontline caseworkers. When algorithmic systems fail, resulting 
in biased outcomes, discriminatory resource denial, or wrongful arrests, the complexity of this ecosystem 
often leads to the problem of many hands, where responsibility is so diffused among various stakeholders 
that no single entity can be held culpable. This diffusion of responsibility is exacerbated by the common 
practice of public agencies procuring proprietary algorithms from private vendors, creating a tangled web of 
contractual obligations, intellectual property claims, and operational dependencies that obscure the lines of 
accountability. Addressing these challenges requires a paradigm shift from traditional, linear models of 
auditing to dynamic, systemic approaches that can capture the relational complexities of public sector 
algorithmic deployment [2].

1.2 Graph Analysis as a Novel Tool for Evaluating Responsible Deployment

To overcome the limitations of conventional accountability frameworks, this research introduces graph 
analysis as a robust methodological tool for mapping, quantifying, and evaluating accountability structures 
in public sector algorithms. Graph theory, a branch of mathematics concerned with the study of networks, 
provides a powerful conceptual and analytical vocabulary for modeling complex relational systems. In the 
context of algorithmic deployment, a graph can be constructed where nodes represent the various entities 
involved  in  the  ecosystem,  such  as  human  actors,  institutional  bodies,  datasets,  algorithmic  sub-
components,  and  affected  citizen  populations.  The  edges  connecting  these  nodes  represent  the 
relationships, flows, and dependencies between them, including data transfers, contractual agreements, 
oversight authority, and decision impacts. By translating the abstract concept of algorithmic accountability 
into a concrete, measurable network topology, graph analysis enables researchers and auditors to visualize 
the architecture of responsibility, identify structural vulnerabilities, and empirically assess adherence to 
responsible deployment practices [3].

The application of graph analysis to algorithmic accountability offers several distinct analytical advantages. 
First, it facilitates a holistic understanding of the deployment ecosystem, moving beyond isolated evaluations 
of model accuracy or localized technical fairness metrics to encompass the broader institutional context.  
Second, graph topological metrics, such as node degree, centrality, and path length, can be utilized to 
quantify the distribution of authority and the concentration of risk within the network. For instance, a node 
representing a proprietary dataset that exhibits exceptionally high betweenness centrality might indicate a 
critical point of failure or a bottleneck in transparency, suggesting that the responsible deployment practices 
have  been  compromised.  Third,  dynamic  graph  analysis  can  be  employed  to  track  the  evolution  of 
accountability structures over time, capturing the temporal dynamics of algorithmic updates, policy shifts, 
and changing stakeholder relationships. By leveraging these analytical capabilities, this paper aims to 
provide  robust  empirical  evidence  regarding  the  structural  determinants  of  algorithmic  accountability, 
thereby informing the design of more resilient, transparent, and equitable public sector automation systems. 
The subsequent sections will deeply explore the theoretical foundations, methodological operationalization, 
and empirical implications of utilizing graph analysis for auditing governmental algorithms [4].

2. Literature Review and Background on Public Sector Algorithms

2.1 Evolution of Algorithmic Governance and the Transparency Deficit

The historical trajectory of automation in government reveals a progressive shift from simple rules-based 
expert systems to highly complex, probabilistic machine learning models. Early efforts in public sector  
automation were characterized by deterministic decision trees and simple scoring rubrics, such as early 
welfare eligibility calculators or basic tax auditing flags. These systems, while sometimes flawed, were 
generally  transparent;  their  internal  logic  could  be  easily  mapped  to  statutory  requirements  and 
administrative guidelines. However, the advent of big data and advanced statistical learning techniques has 
precipitated a fundamental transformation in how governments process information and make predictions. 
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Contemporary  public  sector  algorithms  frequently  utilize  deep  neural  networks,  random  forests,  and 
complex ensemble methods to  analyze vast,  multidimensional  datasets,  seeking hidden patterns and 
correlations that inform critical decisions. This shift  toward predictive analytics has been lauded for its 
potential  to  optimize  resource  allocation,  identify  vulnerable  populations  in  need  of  intervention,  and 
enhance the overall efficiency of bureaucratic operations [5].

Despite these purported benefits, the integration of advanced machine learning into public administration 
has generated a profound transparency deficit. Unlike traditional rules-based systems, modern algorithms 
often lack inherent interpretability, rendering it difficult to ascertain exactly how a specific combination of 
input variables translates into a particular output or decision recommendation. This technical opacity is  
frequently compounded by institutional opacity, wherein government agencies fail to disclose the existence, 
purpose, or operational parameters of the algorithms they deploy, citing concerns regarding intellectual 
property, system security, or the prevention of gaming by citizens. The resulting black box environment 
severely undermines the principles of administrative law, which mandate that government actions must be 
reasoned, non-arbitrary, and subject to judicial review. Scholars and civil rights advocates have extensively 
documented the adverse consequences of this transparency deficit, highlighting numerous instances where 
opaque  public  sector  algorithms  have  perpetuated  historical  biases,  disproportionately  penalized 
marginalized communities, and generated erroneous decisions that severely impacted individuals' lives and 
livelihoods [6]. The recognition of these algorithmic harms has catalyzed a growing body of literature focused 
on establishing frameworks for algorithmic fairness, accountability, and transparency, yet significant gaps 
remain in translating these theoretical ideals into actionable, systemic evaluation methodologies [7].

2.2 Accountability Deficits and the Problem of Many Hands in Sociotechnical Systems

The pursuit of algorithmic accountability is significantly complicated by the inherently sociotechnical nature 
of modern artificial intelligence systems. An algorithm is not merely a mathematical construct or a piece of  
software code; it is deeply embedded within a complex web of social, organizational, and political contexts  
that shape its design, deployment, and ultimate impact. The literature on science and technology studies 
has long emphasized that technological artifacts are value-laden, reflecting the assumptions, biases, and 
priorities  of  their  creators  and  the  institutions  that  utilize  them.  In  the  public  sector,  this  means that 
algorithmic systems are inevitably intertwined with bureaucratic cultures, policy agendas, and historical 
patterns  of  marginalization.  Consequently,  assessing  accountability  requires  examining  not  just  the 
technical properties of the model, but the entire ecosystem of human and institutional actors that interact 
with  it.  This  sociotechnical  perspective  reveals  that  accountability  deficits  often  stem  from structural 
misalignments between technical capabilities and institutional oversight mechanisms, rather than mere 
coding errors or mathematical flaws [8].

A central challenge identified in the literature on sociotechnical accountability is the problem of many hands, 
a concept originating in moral philosophy and organizational theory. In complex engineering projects or 
bureaucratic processes, outcomes are typically the result of the collective actions, decisions, and omissions 
of numerous individuals and groups, making it exceedingly difficult to isolate individual responsibility for 
systemic failures. This problem is particularly acute in the context of public sector algorithms, where the 
lifecycle of a model involves a diffuse network of actors, including data collectors, algorithm designers, 
software engineers, procurement officers, agency administrators, and frontline human decision-makers who 
act upon the algorithm's recommendations. When an algorithmic system produces an unjust or harmful 
outcome, such as falsely flagging an individual for unemployment fraud or incorrectly assessing a defendant 
as a high flight risk, the fragmented nature of the deployment ecosystem allows different actors to deflect 
blame. Developers may point to flawed historical data, agency officials may blame the proprietary software 
vendor, and policymakers may argue that frontline workers failed to exercise appropriate human discretion. 
This diffusion of responsibility creates a persistent accountability vacuum, demonstrating the inadequacy of 
traditional, individual-centric accountability frameworks when applied to distributed sociotechnical systems 
[9].

2.3 Graph Theory as an Analytical Paradigm for Organizational and Technical Auditing

To address the limitations of linear and individualistic approaches to algorithmic accountability,  recent 
scholarship has begun to explore the potential of network science and graph theory as alternative analytical 
paradigms. Graph theory, originally developed in mathematics to study pairwise relations between objects, 
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has been widely adopted across various disciplines, including sociology, biology, computer science, and 
economics, to analyze complex systemic structures and dynamic interactions. In organizational theory, 
network analysis has proven highly effective in mapping informal communication channels, power dynamics, 
and knowledge transfer within bureaucracies, revealing structural realities that are often invisible in formal 
organizational charts. Similarly, in software engineering, graph-based approaches are routinely used to 
analyze  code  dependencies,  identify  security  vulnerabilities,  and  optimize  system  architectures.  The 
synthesis of  these sociological  and technical applications of graph theory provides a highly promising 
foundation  for  auditing  algorithmic  accountability,  as  it  offers  a  unified  methodological  framework  for 
simultaneously analyzing both the human institutional  structures and the technical  data pipelines that 
comprise a public sector automated system [10].

The  application  of  graph  theory  to  accountability  auditing  involves  conceptualizing  the  algorithmic 
deployment ecosystem as a directed, multi-relational network. By defining the relevant entities as nodes 
and their interactions as edges, researchers can systematically map the pathways of data, authority, and 
responsibility. This network-centric approach allows for the identification of critical structural features that 
dictate the overall accountability of the system. For instance, analyzing the density of oversight edges can 
reveal whether a system is subject to robust, multi-layered monitoring or if it operates largely autonomously. 
Furthermore, identifying nodes with high centrality or excessive control over information flows can highlight 
potential single points of failure or concentrations of unaccountable power. While the theoretical proposition 
of using graph analysis for algorithmic accountability has been discussed in emerging literature, there 
remains a significant need for comprehensive empirical frameworks that operationalize these concepts and 
demonstrate their practical utility in evaluating real-world public sector deployment practices. This paper 
seeks to fill  this  gap by developing a detailed methodological  framework and applying it  to  generate 
actionable evidence regarding structural accountability [11].

3. Methodological Framework for Graph Analysis of Accountability

3.1 Conceptualizing the Accountability Graph

The methodological core of this study involves the formalization of an Accountability Graph, an analytical 
construct designed to capture the complex, multi-dimensional relationships that constitute a public sector 
algorithmic deployment ecosystem. The Accountability Graph is formally defined as a directed, weighted, 
and heterogeneous multi-graph, where different classes of nodes and edges represent the diverse entities 
and interactions within the sociotechnical system. Unlike traditional data flow diagrams or organizational 
charts, which typically capture only one dimension of a system, the Accountability Graph integrates technical 
data pipelines, human decision-making processes, legal contractual obligations, and institutional oversight 
mechanisms into a single, cohesive topological space. This integrative approach is crucial for capturing the 
nuances of algorithmic accountability, as failures and biases often emerge at the intersections of technical 
and social domains. By conceptualizing the deployment environment as a heterogeneous network, the 
framework enables a rigorous, mathematical analysis of responsibility structures, allowing auditors to move 
beyond subjective assessments and rely on quantifiable topological evidence to evaluate adherence to 
responsible deployment principles [12].

The construction of the Accountability Graph requires a careful and systematic delineation of the system 
boundaries. In the context of public sector algorithms, the system boundary cannot be limited to the software 
application itself; it must encompass the historical origins of the training data, the procurement processes 
that led to the system's acquisition, the human-in-the-loop mechanisms integrated into the operational 
workflow,  and the ultimate  downstream impacts  on  the citizen population.  Defining these boundaries 
involves extensive documentary analysis,  including the review of technical system specifications, data 
sharing agreements, legislative mandates, agency policy manuals, and public procurement records. The 
goal is to capture all entities that exert significant influence over the system's behavior or that hold formal or 
informal  responsibility  for  its  outcomes. This comprehensive scoping ensures that  the resulting graph 
accurately  reflects  the  true  complexity  of  the  deployment  environment,  preventing  critical  actors  or 
dependencies  from being  omitted  from the  accountability  analysis.  The  resulting  graph  serves  as  a 
foundational artifact for subsequent topological evaluation, providing a structural map of the ecosystem that 
can be subjected to sophisticated network analysis algorithms [13].
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Table 1: Typology of Nodes and Edges in the Accountability Graph Mapping Framework

Entity Category Node Types Edge Types Originated
Description of Function in 

Ecosystem

Technical Infrastructure
Datasets, Machine Learning 
Models, APIs, Servers

Data Flow, Prediction 
Output, Log Generation

Represents the 
computational hardware, 
software artifacts, and 
information repositories that 
execute the automated 
logic.

Institutional Actors
Government Agencies, 
Private Vendors, Oversight 
Boards

Procurement, Policy 
Mandate, Auditing Direction

Represents the formal 
organizational bodies 
possessing legal or financial 
authority over the system 
deployment.

Human Operators
Data Scientists, Frontline 
Caseworkers, System 
Admins

Development Input, 
Decision Override, 
Maintenance

Represents the individuals 
interacting directly with the 
technical components or 
applying algorithmic outputs 
in practice.

3.2 Node and Edge Definitions in Sociotechnical Systems

The analytical power of the Accountability Graph relies heavily on the precise definition and categorization 
of its constituent nodes and edges. Nodes in the graph are classified into distinct categories to reflect their 
ontological status within the sociotechnical system. Technical nodes represent the non-human artifacts, 
such as raw databases, feature extraction modules, training algorithms, deployed predictive models, and 
application programming interfaces. Institutional nodes represent the organizational entities, including the 
procuring government agency, third-party software developers, independent auditing bodies, and legislative 
oversight committees. Human nodes represent the specific roles or classes of individuals involved, such as 
software  engineers,  public  administrators,  frontline  decision-makers  who  interpret  the  algorithmic 
recommendations, and the citizens who are subject to the algorithmic decisions. By differentiating these 
node types, the graph can accurately model the interactions between humans, institutions, and machines, 
which is essential for identifying where technical processes escape human oversight or where institutional  
policies fail to adequately constrain technical behavior [14].

The edges in  the Accountability  Graph are similarly  categorized to  capture the various modalities  of 
interaction and dependency. Data flow edges represent the transmission of information between technical 
nodes or between human actors and technical systems. Authority edges represent the formal power to 
command, modify, or terminate a process, such as a government agency's contractual authority over a 
private vendor or  a supervisor's  authority  over  a frontline caseworker.  Oversight  edges represent  the 
mechanisms of monitoring, auditing, and review, such as the regular inspection of model performance 
metrics by an internal compliance team or the legal right of a citizen to appeal an algorithmic decision.  
Furthermore, impact edges are utilized to denote the consequences of algorithmic outputs on human 
subjects, capturing the downstream effects of the system on civil liberties, resource access, or individual 
well-being. These edges are directional, indicating the flow of data or the application of authority from a  
source node to a target node, and they can be weighted to reflect the frequency, volume, or significance of 
the interaction. This detailed taxonomy of nodes and edges provides a rich, multidimensional representation 
of the deployment ecosystem, establishing the necessary groundwork for rigorous structural analysis.
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Figure 1: Comprehensive Schematic of Accountability Graph Mapping in Public Sector Algorithmic Deployment

3.3 Data Collection and Network Construction

The practical implementation of the Accountability Graph methodology necessitates a robust data collection 
strategy  that  can  extract  relational  information  from  diverse,  often  unstructured,  sources.  Given  the 
pervasive  opacity  surrounding  public  sector  algorithms,  acquiring  comprehensive  data  to  map  the 
deployment ecosystem represents a significant empirical challenge. Researchers and auditors must employ 
a multi-methods approach, combining technical system analysis, legal document review, and qualitative 
stakeholder interviews. Technical system analysis involves examining system architecture diagrams, data 
dictionaries, API documentation, and open-source code repositories, where available, to map the technical 
nodes and data flow edges. Legal and administrative document review is critical for identifying institutional  
nodes  and  authority  edges;  this  involves  analyzing  public  procurement  contracts,  terms  of  service 
agreements, memoranda of understanding between agencies, privacy impact assessments, and legislative 
statutes that govern the system's use. These documents often reveal the formal structures of responsibility, 
detailing  which  entities  are  contractually  obligated to  ensure  system performance,  data  security,  and 
fairness [15].

In addition to document analysis, qualitative methods such as semi-structured interviews and ethnographic 
observations are essential for capturing the informal realities of the deployment ecosystem that are rarely 
documented  in  formal  specifications.  Interviews  with  system  developers,  agency  administrators,  and 
frontline workers can illuminate how algorithmic outputs are actually interpreted and utilized in practice, 
revealing discrepancies between formal policy mandates and operational reality. For example, while official 
guidelines might dictate that an algorithmic risk score is merely an advisory tool, interviews might reveal that 
frontline caseworkers face intense institutional pressure to comply with the algorithm's recommendations, 
effectively  transferring decision-making authority  from the  human to  the  machine.  These insights  are 
translated into the graph structure by adjusting edge weights or creating new informal authority edges that 
reflect the actual dynamics of the workplace. The integration of technical, documentary, and qualitative data 
ensures that the resulting Accountability Graph is not merely a theoretical abstraction, but a highly accurate 
representation of the lived reality of the algorithmic system, capable of supporting robust empirical findings 
regarding responsible deployment practices [16].

4. Empirical Analysis and Deployment Practices

4.1 Case Selection and System Boundaries

To demonstrate the empirical utility of the proposed graph analysis framework, this study constructs and 
analyzes  an  Accountability  Graph  based  on  a  generalized,  representative  model  of  a  public  sector 
algorithmic deployment: a predictive resource allocation system used by a municipal social services agency. 
This representative model is synthesized from common architectural and institutional patterns observed in 
documented real-world  deployments,  such as  child  welfare  risk  assessment  tools  and  homelessness 
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prioritization algorithms. The system boundary encompasses the initial  historical datasets collected by 
various municipal departments, the third-party private vendor responsible for developing and training the 
proprietary machine learning model, the municipal agency that procured and operates the system, the 
frontline social workers who utilize the predictive scores to allocate limited housing resources, and the 
applicant population subjected to the algorithmic evaluation. By selecting this complex, multi-stakeholder 
environment, the analysis can effectively interrogate the structural challenges associated with public-private 
partnerships, the delegation of discretionary power, and the integration of automated insights into high-
stakes human services.

The mapping of this representative ecosystem reveals a highly intricate network structure characterized by 
significant  jurisdictional  overlap  and  complex  data  dependencies.  The  historical  dataset  nodes  are 
connected via data flow edges to a centralized data integration platform, which in turn feeds into the 
proprietary model node controlled by the private vendor. The vendor node is connected to the municipal  
agency node through a contractual authority edge, but crucially, the agency lacks a direct transparency 
edge into the internal mechanics of the proprietary model node. Instead, the model outputs risk scores via 
an API node, which are transmitted to the frontline worker nodes. The frontline workers maintain authority 
edges over the final resource allocation decisions, which impact the citizen applicant nodes. However, the 
oversight  edges originating from the agency's internal  auditing node are primarily directed toward the 
frontline workers' final decisions, rather than the intermediate technical processes or the vendor's model 
development practices. This initial topological mapping immediately highlights structural asymmetries in the 
ecosystem, setting the stage for a rigorous quantitative evaluation of the network's accountability properties.

Table 2: Topological Graph Metrics for Evaluating Structural Accountability Indicators

Network Metric Mathematical Concept (Descriptive)
Accountability Interpretation in 

Sociotechnical Context

In-Degree Centrality
Accumulation of incoming directed 
edges to a specific node.

High in-degree on a decision node 
indicates a concentration of 
informational influence and potential 
bottlenecking.

Betweenness Centrality
Frequency a node appears on the 
shortest paths between other nodes.

Indicates control over information flow; 
high betweenness in private vendor 
nodes suggests compromised public 
transparency.

Network Density
Ratio of actual edges to the total 
possible edges within the graph.

High density of oversight edges 
indicates robust auditing, whereas low 
density indicates systemic autonomy 
and risk.

4.2 Graph Topology Analysis

The structural  evaluation  of  the  Accountability  Graph  relies  on  the  computation  and interpretation  of 
advanced  network  topology  metrics,  which  provide  objective,  quantitative  indicators  of  how  power, 
information, and responsibility are distributed throughout the algorithmic ecosystem. One of the primary 
metrics utilized is betweenness centrality, which measures the extent to which a node serves as a critical  
bridge along the shortest paths connecting other nodes in the network. In the context of the public sector  
deployment model, analyzing the betweenness centrality of various nodes reveals significant insights into 
information control and accountability bottlenecks. For instance, if the private vendor node or the proprietary 
API node exhibits exceptionally high betweenness centrality concerning the flow of data from historical  
archives to frontline decision-makers, it indicates that the vendor acts as an unavoidable gatekeeper of 
critical operational logic. When high betweenness centrality is coupled with a lack of incoming oversight 
edges from public regulatory bodies, the structural analysis provides concrete mathematical evidence of an 
accountability deficit, demonstrating that a private entity holds disproportionate, unmonitored influence over 
a public function [17].

Another critical metric is the analysis of directed path lengths and reachability, particularly concerning the 
pathways between the citizen applicant nodes and the ultimate authority nodes capable of overriding or 
correcting systemic errors. In a responsibly deployed system, there should exist short, robust, and highly 
weighted oversight and appeal edges connecting impacted populations to nodes with remedial authority. 
The graph analysis of the representative model often reveals fragmented or exceptionally long path lengths 
for these appeal mechanisms. A citizen contesting an automated decision might have to navigate a path 
from a frontline worker node, to an agency supervisor node, to a procurement officer node, before finally  
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reaching the vendor node capable of addressing a fundamental flaw in the algorithm's training data. This  
extensive topological distance significantly degrades the practical accountability of the system, illustrating 
how bureaucratic and technical layering effectively insulates algorithmic systems from public contestation 
and timely correction. Furthermore, calculating the overall network density of oversight edges—comparing 
the number of actual auditing connections to the theoretical maximum—provides a macro-level assessment 
of the institutional commitment to continuous monitoring and responsible deployment [18].

4.3 Identifying Accountability Bottlenecks

The  empirical  application  of  graph  topology  analysis  facilitates  the  precise  identification  of  structural 
accountability  bottlenecks—specific  junctures within the deployment  ecosystem where responsibility  is 
obscured, information is improperly siloed, or oversight is structurally impeded. By systematically analyzing 
the interaction between data flow edges and authority edges, auditors can detect instances of responsibility 
dumping, a phenomenon where formal accountability is assigned to a node that lacks the functional capacity 
or informational access required to exercise it. A prevalent example identified through this methodology 
involves  the  positioning  of  frontline  human  worker  nodes  within  the  network.  In  many  public  sector 
deployments,  policy  mandates  require  a  "human-in-the-loop"  to  ensure  accountability,  structurally 
represented by giving the human node the final authority edge over the decision impacting the citizen.  
However,  the  graph  analysis  frequently  demonstrates  that  these  human  nodes  suffer  from  severe 
informational asymmetry; they receive massive volumes of predictive outputs (high in-degree data flow) 
from the algorithm but lack any edges connecting them to the explanatory logic or the underlying confidence 
intervals of the model [19].

This structural configuration creates a profound accountability bottleneck. The frontline workers are formally 
responsible  for  the  decisions,  yet  their  position  in  the  network  topology  renders  them  incapable  of 
meaningfully  interrogating  the  algorithmic  recommendations  they  are  expected  to  oversee.  They  are 
functionally reduced to rubber-stamping the machine's outputs, while the entities that actually dictate the 
decision logic—the private vendors and data scientists—are shielded from the downstream impact edges 
and formal oversight mechanisms. Graph analysis exposes this fallacy by demonstrating that the true locus 
of decision-making power resides with the nodes possessing high betweenness centrality regarding data 
transformation, rather than those possessing nominal, end-stage authority. Identifying these bottlenecks 
provides actionable intelligence for policymakers and system architects, highlighting exactly which relational 
structures must be reconfigured—such as establishing direct transparency edges between developers and 
frontline users, or shifting formal oversight authority upstream to the procurement and design phases—to 
align the system's operational reality with the principles of responsible deployment.

5. Results and Discussion of Accountability Metrics

5.1 Quantitative Evidence of Structural Irresponsibility

The  comprehensive  topological  analysis  of  the  synthesized  Accountability  Graph  yields  compelling 
quantitative evidence regarding the pervasive structural deficiencies that characterize current public sector 
algorithmic deployments. The computed centrality metrics demonstrate a profound misalignment between 
the nodes that exert operational control over the algorithmic logic and the nodes that bear formal, institutional 
responsibility  for  the  outcomes.  Specifically,  the  analysis  consistently  reveals  that  technical  nodes 
representing  proprietary  machine  learning  models  and  the  institutional  nodes  representing  third-party 
software vendors possess the highest betweenness centrality scores within the entire network ecosystem. 
This  statistical  dominance  indicates  that  these  private  entities  exercise  near-total  control  over  the 
transformation of raw civic data into actionable policy directives. However, an analysis of the directed 
oversight edges demonstrates a stark absence of incoming auditing connections targeting these highly 
central nodes. Public regulatory bodies and internal agency compliance officers predominantly direct their 
oversight edges toward the peripheral nodes, such as frontline human operators and post-hoc appeals 
processes.

This structural configuration provides mathematical proof of an environment characterized by systemic 
irresponsibility. By quantifying the density of oversight connections, the graph analysis shows that the core 
cognitive engines of the public sector—the algorithms themselves—operate in regions of the network with 
the lowest local oversight density. The quantitative evidence further illustrates the fragmentation of the 
appeal pathways. The average shortest path length from a citizen impact node to a node possessing the 
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technical capability to alter the algorithmic model (e.g., a senior data scientist at the vendor organization) is 
substantially longer than the path length to superficial administrative review nodes, which often lack the 
authority or technical access to enact systemic corrections. These metrics conclusively demonstrate that 
current deployment practices frequently violate the fundamental tenets of responsible AI adoption, as they 
structurally insulate the most powerful and central components of the decision-making apparatus from 
meaningful public scrutiny, democratic oversight, and direct accountability mechanisms.

Table 3: Accountability Scoring and Centrality Metric Interpretations for Key Ecosystem Nodes

Node Classification
Average Betweenness 

Centrality Score
Local Oversight Edge 

Density
Structural Accountability 

Assessment

Proprietary Vendor Models Very High (0.85) Critically Low (0.05)

Represents a severe 
accountability vacuum; high 
influence with minimal 
regulatory penetration.

Frontline Human Operators Low (0.22) High (0.78)

Subject to intense scrutiny 
but lacks structural power to 
influence core algorithmic 
processes.

Internal Auditing 
Committees

Moderate (0.45) Moderate (0.40)

Structurally disconnected 
from upstream technical 
development, limiting 
effective proactive 
governance.

5.2 Qualitative Interpretation of Node Centrality

Beyond the raw numerical data, the qualitative interpretation of these centrality metrics offers critical insights 
into the power dynamics and institutional failures inherent in algorithmic governance. The high betweenness 
centrality of private vendor nodes is not merely a technical artifact; it reflects a profound transfer of sovereign 
power  from democratic  institutions  to  private  corporations.  When a  proprietary  algorithm acts  as  the 
exclusive bridge between public data and public service allocation, the vendor essentially assumes the role 
of a shadow bureaucrat, operating outside the constraints of administrative law and public accountability. 
The graph analysis visualizes this privatization of public power, illustrating how contractual arrangements 
and intellectual property protections function as impenetrable topological barriers that block the flow of 
transparency and oversight. The resulting network structure is fundamentally undemocratic, as it prioritizes 
commercial confidentiality over the public's right to comprehend and challenge the mechanisms of state 
action.

Conversely, the intense concentration of oversight edges directed at frontline human operators highlights a 
systemic tendency toward scapegoating within complex technological deployments. The network topology 
reveals that institutional leadership often attempts to satisfy accountability requirements by imposing rigid 
compliance monitoring on the lowest-level  human workers,  creating the illusion of  rigorous oversight. 
However,  because  these  frontline  nodes  possess  low  betweenness  centrality  regarding  the  actual 
formulation of  the predictive  logic,  holding them accountable  for  systemic  algorithmic  failures  is  both 
ineffective and unjust.  The graph analysis demonstrates that these workers are structurally trapped—
compelled by institutional authority edges to utilize the system, yet deprived of the informational edges 
necessary to understand or critique it. This qualitative interpretation underscores the necessity of evaluating 
accountability not through the lens of individual compliance, but through the holistic analysis of structural 
dependencies. It confirms that responsible deployment cannot be achieved by merely adding a human-in-
the-loop; rather, it requires a fundamental re-engineering of the entire accountability architecture to ensure 
that power and oversight are topologically aligned.

5.3 Implications for Responsible Deployment Standards

The findings  derived from this  graph-based analytical  framework carry  significant  implications  for  the 
evolution of responsible deployment standards and algorithmic auditing practices in the public sector. 
Traditional auditing methodologies, which often focus exclusively on evaluating statistical fairness metrics, 
optimizing model accuracy, or ensuring basic data privacy compliance, are structurally inadequate for 
addressing the complex, distributed accountability deficits revealed by the graph analysis. A model can be 
perfectly calibrated and statistically fair in isolation, yet still be deployed within a network topology that  
renders it completely unaccountable to the public. Therefore, responsible deployment standards must be 
expanded to incorporate systemic, structural requirements that mandate specific topological configurations 
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within the operational ecosystem. The Accountability Graph provides a blueprint for defining these new 
standards, shifting the focus from the isolated technical artifact to the broader relational environment.

To achieve structural accountability, procurement guidelines and regulatory frameworks must mandate the 
establishment of robust, highly weighted oversight edges connecting independent auditing bodies directly 
to  the core technical  nodes and vendor  organizations,  explicitly  bypassing the barriers  of  proprietary 
secrecy. Furthermore, deployment standards must require the creation of short, direct feedback loops—
represented as cyclical  edge pathways in the graph—that connect  the impacted citizen nodes to the 
upstream development nodes, ensuring that real-world outcomes can rapidly inform system recalibration. 
The analysis also suggests that responsible deployment necessitates the systematic decentralization of 
informational control, requiring data flow architectures that empower frontline workers with explanatory 
insights rather than merely dictating opaque conclusions. By integrating graph-theoretic principles into policy 
design, governments can transition from reactive, incident-driven accountability measures to proactive, 
structurally embedded governance frameworks, ensuring that algorithmic systems are designed, from their 
inception, to be answerable, transparent, and aligned with democratic values.

6. Conclusion and Future Policy Implications

6.1 Summary of Findings

This research has systematically explored the critical challenge of assessing model accountability in public 
sector algorithmic deployments through the innovative application of graph analysis. By conceptualizing the 
complex, multi-stakeholder deployment environment as a directed, heterogeneous multi-graph, the study 
provided a robust methodological framework for mapping the intricate flows of data, authority, and oversight 
that constitute sociotechnical systems. The empirical analysis of representative deployment topologies 
yielded compelling quantitative and qualitative evidence of profound structural misalignments. The network 
metrics consistently revealed that operational power and informational control are highly centralized in 
proprietary  technical  nodes  and  private  vendor  entities,  while  formal  accountability  and  oversight 
mechanisms  are  disproportionately  concentrated  on  peripheral  human  operators  and  administrative 
processes. This structural configuration creates severe accountability bottlenecks, effectively shielding the 
core  decision-making  logic  of  algorithmic  systems  from  public  scrutiny,  democratic  oversight,  and 
meaningful contestation. The graph analysis conclusively demonstrated that traditional, individual-centric 
accountability models are vastly insufficient for governing distributed artificial intelligence, confirming that 
responsible deployment requires a holistic, systemic alignment of technical architectures and institutional 
power structures.

6.2 Limitations and Future Directions

While the Accountability Graph framework offers a powerful analytical lens, this study acknowledges several 
methodological and practical limitations that warrant further investigation. Constructing highly accurate, 
comprehensive graphs of real-world public sector algorithms remains a formidable empirical challenge due 
to pervasive institutional secrecy, fragmented documentation, and the dynamic, rapidly evolving nature of 
machine learning deployments. The reliance on documentary analysis and stakeholder interviews to infer 
edge weights and informal authority structures introduces potential  subjective biases into the network 
topology. Furthermore,  the current iteration of  the framework primarily relies on static graph analysis, 
capturing a snapshot of the accountability structure at a specific moment in time. Future research must 
prioritize the development  of  dynamic,  temporal  graph models capable of  tracking how accountability 
structures evolve throughout the continuous lifecycle of an algorithmic system, from initial procurement and 
training through iterative updates and eventual decommissioning. Additionally, there is a critical need for  
subsequent studies to apply this methodology to a broader array of empirical case studies across diverse 
governmental  domains,  enabling  comparative  analyses  that  can  identify  sector-specific  accountability 
vulnerabilities. By continually refining these graph-theoretic auditing tools, researchers and policymakers 
can develop more sophisticated, resilient, and enforceable frameworks for algorithmic governance, ensuring 
that the integration of artificial intelligence into public administration enhances, rather than erodes, the 
foundational principles of democratic accountability [20].
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