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Abstract 
Agentic artificial intelligence is changing software engineering assistance by 
shifting from immediate response to code generation to systems that understand 
the context, use tools, observe feedback, and decide on follow-up actions. Most AI 
programming assistants and software agents today focus on tasks like code 
completion, debugging, testing, or issue handling at repository level, without 
considering task selection as a distinct, explainable, and measurable decision 
process layer. In this paper, we propose a taxonomy and risk-aware approach to 
the concept of agentic AI for autonomous task selection in software engineering 
processes. Our framework uses developer input and workflow signals for task 
classification, computes uncertainty and risk estimates, makes decisions about 
selecting the next suitable action, and refers uncertain or critical cases to human 
confirmation/clarification. We contribute to literature through a task taxonomy 
definition, comparison with prior research and gap analysis, design of next action 
selection architecture, decision policy proposal, and outline of experiment 
scenarios. The present study represents a survey/conceptual framework type of 
contribution and will be developed later in prototype-based evaluations. 
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1. INTRODUCTION: 
Software engineering is a complicated activity 
that entails decision making on an ongoing basis 
during various phases of the software 
development life cycle. Software engineers have 
to comprehend requirements, generate code, 
conduct tests, debug issues, refactor code, 
document the software, and make sure that it is 
production-ready [1][4][5]. However, in real-world 
settings, such tasks are performed not 
independently of one another. The same task 
initiated by the software engineer or in the 
project might lead to a range of actions. Thus, 
there might be a need to clarify a requirement, 
test the code, debug the issue, or obtain approval 

from a human prior to performing certain tasks. 
Thus, choosing the next action becomes crucial. 
New advancements in Large Language Models 
and AI-assisted coding tools have altered software 
engineering practices quite a bit. AI 
programming assistants currently available can 
help developers write, debug, document, refactor 
and test their code. The introduction of such 
programs increased efficiency in coding and cut 
down the amount of work necessary to complete 
basic coding assignments. [2][3] On the other 
hand, the vast majority of the existing AI systems 
remain reactive to a large extent. They rely on 
explicit instructions provided by developers to act 
in accordance with them. In some cases, it might 
prove useful. Nevertheless, it is far from being 
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enough to solve the issue related to determining 
the next step for the AI at the workflow level. 
The concept of Agentic AI expands upon 
conventional AI support by making systems able 
to operate as agents that can pursue specific goals. 
These systems would have abilities to make sense 
of the situation, devise appropriate actions, 
employ tools, evaluate the results, and modify 
actions in response to changes. The significance 
of such functionality in software engineering is 
obvious considering the connected nature of 
various development processes [6][7][8]. Rather 
than being able to produce code upon request, 
the agent must assess whether there is enough 
clarity regarding the requirement, whether some 
tests need to be run, whether an error log needs 
debugging, whether some code modification 
entails refactoring, etc. 
Even with the rising popularity of coding 
assistance tools that are either automated through 
AI or software engineers themselves, choosing 
what tasks to carry out is still one decision that 
needs to be addressed. Many of the current 
literature have found success in fields like 
automatic code completion, debugging code, 
generating tests, automated repairs of 
repositories, and multi-agent development 
processes [6][9][11]. The thing about these 
systems is that they do not address the issue of 
deciding on the proper actions that need to be 
carried out, since the task has been pre-selected 
or chosen even before these systems act on it. 
Choosing the wrong task could result in 
incomplete output, bad automation, making 
unnecessary changes to the code, improper 
sequence of activities, or not asking for 
clarification from the human engineer. 
The present study attempts to fill this gap with 
the development of a taxonomy along with an 
associated risk-sensitive theoretical framework for 
Agentic AI-enabled autonomous action selection 
in software engineering processes [10][12]. The 
suggested theoretical framework considers the 
selection of the next action as an independent 
and measurable attribute. Specifically, the 
purpose of such a framework is to make decisions 
concerning whether to perform one out of several 
possible actions, which may include code 

creation, testing creation, debugging, code 
refactoring, writing documentation, code review, 
checking prerequisites for deployment, 
clarification from humans, or even approval from 
humans. 
Although a comprehensive system for software 
engineering tasks has not been provided, the core 
contribution of the paper lies in a structured 
foundation on which future research can build a 
safe and understandable approach to software 
engineering tasks of the agentic nature 
[13][14][15]. Firstly, related software engineering 
tasks and current gaps within this context are 
studied. Secondly, the categories of such tasks are 
classified and organized into a taxonomy. Lastly, 
a decision-making model for action selection with 
consideration of safety risks is suggested. Since 
the paper itself serves as a basis for future 
empirical studies, no fictional experiments have 
been conducted. Instead, an application scenario 
has been proposed for validation purposes. 
The rest of the paper is structured in the 
following manner. Section 2 addresses related 
work that has been done in AI-aided software 
engineering before. The research problem and 
motivation for the paper are addressed in Section 
3. The significance and contributions of the 
paper are detailed in Section 4. The proposed 
classification scheme is provided in Section 5. 
Section 6 provides an introduction to the 
proposed conceptual model. Section 7 provides 
the methodology employed in this paper. Section 
8 deals with the risk-oriented decision-making 
policy proposed here. Section 9 provides the gap 
analysis. 
 
2. Related Tasks Already Studied: 
The literature review indicates that there are 
already a number of relevant topics which have 
received attention under the umbrella of AI-
assisted software engineering. Hence, the novelty 
of this paper does not lie in arguing that no work 
on Agentic AI is available. Rather, the novelty 
consists in defining and modeling next-action 
selection as an independent decision-making 
layer in software engineering [16] [17][18]. The 
previous research and technologies have 
succeeded in developing approaches related to 
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code generation, automated debugging, 
automatic testing, code summarization, code 
refactoring, documentation generation, issue 
resolution at the level of repositories, and multi-
agent software engineering. 
Nevertheless, most previous solutions aim at 
accomplishing a particular task, which is 
previously determined by the developer or 
assigned by some benchmarks. For instance, code 
generation is performed when the user requests 
code, debugging recommendations are proposed 
when there is an error that needs fixing, and test 
cases are generated if the target function has been 
determined [19][20]. In all these situations, the 
action taken by the system is driven by a 
command from the user and not by the 
determination that coding, testing, debugging, 

refactoring, documenting, reviewing, preparation 
for deployment, or clarification is necessary. 
There exists a very significant gap within agentic 
software engineering as a result. The actual 
software engineering processes involved do not 
necessarily carry clear labels [14][16][18]. An 
engineer could supply an incomplete 
requirement, a failed test log, a generic bug 
report, an unfinished module, or even a risky 
deployment process. In order to determine what 
action to take in such cases, the agent needs to 
first understand the state of the workflow before 
choosing an appropriate action to take. A 
comparative overview of related software 
engineering tasks and the gaps left by existing 
work on AI-assisted and agentic software 
engineering is provided in Table 1 below. 

 
Table 1. Summary of related software engineering tasks and remaining gaps. 
Related task What has been done Gap for this paper 
Code generation and completion 
[3][5][9] 

LLMs and coding assistants 
generate functions, snippets, and 
explanations from natural-
language prompts. 

They usually respond to a 
requested task rather than 
deciding which task should 
happen next. 

Repository-level issue resolution 
[11][14][15] 

Benchmarks and agents attempt 
to solve GitHub issues by editing 
code, running tests, and 
submitting patches. 

The emphasis is on solving a 
known issue, not general 
workflow classification across 
many task types. 

Automated testing 
[1][6][7][8] 

AI and search-based methods 
generate tests, improve coverage, 
and analyze failing outputs. 

Testing is treated as a target 
activity, while the decision to test 
versus debug or clarify is less 
explicit. 

Debugging and bug repair 
[14][16][17] 

Agents localize faults, explain 
stack traces, and produce 
candidate fixes. 

Debugging is commonly 
triggered by an observed failure 
rather than selected through a 
general task-selection policy. 

Refactoring and maintainability 
[20][22][25] 

Tools suggest cleaner structure, 
remove smells, or improve 
maintainability. 

Refactoring is rarely balanced 
against risk, test readiness, 
documentation needs, or human 
approval. 

Documentation generation 
[11][14][19][24] 

LLMs summarize code, create 
comments, and produce usage 
documents. 

Documentation is often 
requested directly rather than 
selected as a post-change 
workflow action. 

Human-in-the-loop control 
[6][8][12][16] 

Research highlights oversight, 
approval, and clarification for 
safer AI systems. 

Clarification is often discussed as 
a safety concept but not encoded 
as a formal action class in task 
taxonomy. 
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As the table demonstrates, substantial progress 
has been achieved in the areas of code 
generation, testing, debugging, refactoring, 
documentation, and workflow automation 
among other specific tasks. However, most 
solutions presented in the literature do not 
provide autonomous software engineering action 
selection; instead, most of them rely on specific 
task execution and do not account for choosing 
the next appropriate action within a particular 
software development process. At the same time, 
most of the existing AI coding assistants are 
reactive because of the need to receive prompts 
from users and analyze the current state of 
workflow, potential risks, uncertainties, and 
requirements for human involvement in the 
decision-making process. Thus, the gap that has 
to be addressed is the lack of an actionable and 
explainable task selection mechanism that would 
enable the system to select a suitable software 
engineering task, such as code generation or 
debugging. 
 
3. Research Problem and Motivation: 
The central issue that needs to be tackled in this 
paper is the lack of an organized and 
understandable workflow process where an 
Agentic AI system can make decisions about what 
would be the appropriate next step in the 
software engineering process. AI-based software 
engineering assistants are able to perform many 
different functions such as generating code, 
explaining programming errors, creating tests, 
summarizing documentation, and debugging 
code [3][4][8]. Nevertheless, in these types of AI-
based assistants, it could be necessary for the user 
to explicitly guide their work. 
Unlike in ideal software engineering practices, it 
may not always be clear what to do next. A patch 
that is generated might have to be tested before it 
can be deemed reliable enough. An unsuccessful 
test might call for debugging before any new code 
is developed. An unclear requirement would 
need clarifying before coding begins. A 
refactoring request may have to be approved by 
humans because it could influence system 
behavior, maintenance, or compatibility with 
other modules. In a similar vein, a deployment-

related request may have to undergo verification 
and even be rolled back instead of being acted on 
immediately [16][18]. The question here is not 
about AI's ability to carry out a certain task, but 
its ability to choose the appropriate one. 
This makes the problem more critical considering 
that Agentic AI systems could be given access to 
development tools including IDEs, test-runners, 
static-analysis tools, package-managers, 
documentation generators, version-control 
systems, issue-trackers, CI/CD pipelines, and 
repositories APIs. Access to these tools will make 
these agentic systems even more useful since 
these AI agents will be able to work in the real 
development environment rather than 
responding only in natural language texts. 
Nevertheless, it will create more dangers 
associated with unsafe or improperly ordered 
activities of the AI agents. For instance, an agent 
that alters some source code without executing 
the tests on it can bring defects into the 
application. 
This is why there is a requirement for a task 
selection system, which will include knowledge 
about the software development process, risks, 
and the involvement of a person. This system 
must analyze the workflow state, classify the task 
itself, estimate uncertainty, check if necessary 
software exists, and estimate risks related to the 
chosen action. It must make a decision to either 
execute the process, suggest an action, get further 
clarifications, or seek human confirmation. 
Human clarification and human confirmation 
become part of a valid workflow process rather 
than its exception or failure. 
 
4. Novelty and Contributions: 
Innovation offered by the paper includes creation 
of an awareness-driven task-selection layer for 
software engineering agents. Unlike typical 
intelligent systems, whose scope involves 
performance of specific activities like generating 
code, debugging, testing, and documenting etc., 
the scope of innovation presented in the paper is 
to define the way an agent can select amongst 
several options for actions within its workflow. 
What distinguishes this innovation from typical 
AI-based programming tools is that the core 
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objective here is more about selection rather than 
execution. 
• A software engineering task taxonomy 
which maps developer inputs and evidence about 
project state to types of next actions. 
• A risk-aware decision model where 
confidence, ambiguity, available tools, and 
impact level are assessed prior to taking action. 
• An escalation approach with humans in 
the loop in which clarifications or approvals are 
considered outputs of the decision process. 
• A procedure for the evaluation of 
prototypes in which labeled software engineering 
scenarios, confusion matrices, and action 
accuracy are used. 
• A publication-ready theoretical 
framework that will subsequently serve as a basis 
for an empirical prototype paper. 
The innovative aspect of the research can be 
considered as the identification of the problem of 
selecting the next action to perform as an 
autonomous decision problem in the context of 
software engineering tasks. In most existing 
software systems, it is assumed that the user gives 
the instructions to the software on how to behave 
– to write a code, to fix an error, and to generate 
tests. Nevertheless, in practice, there is no clear 
indication in the user’s request or current project 
state on which particular action should be 
performed. The actions may include clarifying 
the request, generating the code, writing tests, 
debugging, etc. This research is aimed at solving 
this problem using. 
The second proposal is the introduction of the 
risk-based decision-making approach. This 
method will not enable the agent to perform the 
action simply based on the fact that the category 
of tasks has been determined. In addition to 
determining the task category, the decision-
making process will consider such factors as 
confidence, ambiguity, tools, workflow, and level 
of impact. For instance, while the task of writing 
documentation can be performed by the agent as 
the risk involved is low, the task of database 
migration, authentication modification, or 
anything deployment-related should involve 
human confirmation despite task categorization. 

Further, the paper adds an approach to human-
in-the-loop escalation, where clarification and 
approval are defined as outputs of an action. In 
other words, asking the user to provide missing 
information or to give their approval for changes 
involving high risk is no longer seen as a failure 
of automation but rather as part of the decision 
process used by the agent. This is significant 
because there are many cases in software 
engineering where there is a certain level of 
uncertainty, domain knowledge, security 
implications, or business considerations. 
Moreover, this work will provide a 
methodological way of assessing future prototypes 
through labeled software engineering scenarios. 
These scenarios could include development 
queries, snippets of code, error logs, failed test 
cases, documentation, refactoring instances, and 
unclear requirements. Future evaluation can 
consider factors like classification performance, 
correct action selection, accuracy of human 
escalation, confusion matrices, explanations 
offered, and expert review. Through such an 
approach, the current conceptual paper can be 
developed into a future empirical study. 
The overall nature of the contribution made can 
thus be defined as being both theoretical and 
taxonomic, while having a definite validation 
strategy that could be employed during future 
experiments with the concept. The paper 
provides a framework for an article suitable for 
publication at the initial stages of research, 
avoiding any unfounded assertions that prior to 
this time no one had ever researched anything 
like this topic before. It does not deny the fact 
that existing literature has examined individual 
software engineering activities. 
 
5. Proposed Taxonomy: 
The suggested taxonomy categorizes observable 
software engineering scenarios into task selection 
classes that have certain inputs, suggested course 
of actions to follow, and safety issues to consider. 
This taxonomy is aimed at helping the Agentic AI 
system determine the current workflow context 
before it takes any actions [21] [22]. Unlike 
treating all developer’s inputs as mere commands, 
the taxonomy distinguishes between several 
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software engineering tasks like requirement 
clarification, code writing, test generation, 
debugging, refactoring, documentation, review, 
pre-deployment, and human confirmation. 
The objective behind developing this taxonomy 
was to establish a systematic way in which 
evidence available during a software engineering 
process could map to the appropriate action to be 
taken subsequently. Thus, for instance, evidence 
of a clear requirement would mean the choice of 
code generation, while a failed test output would 
translate into a debugging activity [23][24]. In 
addition, a unit-test need not being satisfied 
would suggest the necessity of test generation, 
while an ambiguous requirement would 
necessitate human intervention. This also applies 
to requirements pertaining to authentication, 
payments, database migration, and deployment 
configuration. 
Every one of the classes of tasks selection has 
three main components. First, there is the input 
signal, that is the data available to the agent based 
on which he makes a decision; it could be a 

developer's request, some piece of source code, 
error, testing output, requirement for 
documentations, etc. Second, there is the 
proposed next action; it describes the action to 
perform and could be writing code, performing 
tests, debugging errors, refactoring, generating 
documentation, asking questions, or requesting 
an approval [25][26][27]. Third, there is the safety 
condition; it defines whether the next action 
could be safely recommended, needs developer's 
approval, or has to be rejected. 
The taxonomy is useful for explainability in the 
sense that it is possible to justify any chosen 
action through the signals that have triggered the 
action. For example, if debugging is chosen by 
the agent, it can explain that the reason was 
because the input included an exception trace, 
failing test outputs, or errors in the runtime. On 
the other hand, if the clarification action is 
chosen by the agent, it means that the 
requirement had issues with completeness or 
ambiguity. 

 
Table 2. Proposed taxonomy of autonomous task-selection categories. 
ID Task class Observable signals Recommended 

next action 
Risk level 

T1 Requirement 
clarification 

Ambiguous 
request, missing 
constraints, 
conflicting business 
rules 

Ask targeted 
questions; request 
examples or 
acceptance criteria 

Low to high 
depending on 
ambiguity 

T2 Code generation Clear feature 
request, API 
description, 
expected behavior 

Generate code or 
implementation 
plan 

Medium; may 
require tests 

T3 Test 
creation/execution 

New feature, 
changed logic, 
missing coverage, 
regression risk 

Create tests or run 
relevant tests 

Medium 

T4 Debugging Error logs, stack 
trace, failing tests, 
runtime exception 

Localize cause and 
propose fix 

Medium to high 

T5 Refactoring Code smell, 
duplication, 
complexity, 
maintainability 
issue 

Suggest refactor 
and preserve 
behavior 

Medium to high 
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T6 Documentation Completed feature, 
public API, 
complex logic, 
onboarding need 

Write docs, 
comments, or 
README updates 

Low to medium 

T7 Code review Patch available, 
pull request 
context, quality 
concern 

Review design, 
correctness, 
security, and style 

Medium 

T8 Deployment pre-
check 

Release request, 
dependency 
update, 
configuration 
change 

Run checks; verify 
build, tests, 
environment, 
rollback plan 

High 

T9 Human approval High-impact edit, 
security-sensitive 
change, low 
confidence 

Escalate to human 
decision before 
execution 

High 

 
6. Proposed Conceptual Framework: 
Inputs to the framework can be derived from 
software engineering inputs and workflow-state 
data. Some of these inputs include developer 
requests, requirements, code snippets, error 
messages, failed test results, documentation 
requirements, refactoring requirements, change 
in repositories, or deployment actions. The input 
layer is tasked with gathering enough inputs to 
help the agent understand the current software 
engineering environment before making an 
action selection decision. 
Contextual information will be extracted by the 
system using the received input. The signals may 
be related to intent, code-related signals, errors, 
testing, ambiguity, dependencies, requirements 
for tools, and potential risks. For instance, an 
exception trace may represent a debugging signal, 
while a new requirement would trigger code 
generation. Similarly, a missing test case might 
trigger test generation, while an ambiguous 
requirement would represent a need for 
clarification. Understanding the context at this 
stage is important since the user’s request can 
yield different outcomes based on the state of the 
workflow. 
The extracted signals are then mapped to the task 
taxonomy that is introduced. This task taxonomy 
serves to categorize the current context into one 
particular task selection category, including such 

categories as code generation, testing, debugging, 
refactoring, documentation, code review, 
deployment pre-check, human clarification, and 
human validation. Yet the framework does not 
perceive the classification result as the final 
choice, because the right classification alone 
might not necessarily make the execution safe. 
Due to this, the decision-making process utilizes a 
risk and uncertainty gate prior to making the 
final decision. This gate considers the confidence 
level, the degree of ambiguity, impact magnitude, 
tool preparation status, and whether human 
intervention is required. Decisions with low risks 
can be either recommendations or decisions 
made through control, but those with high risks 
are submitted to human intervention. Where the 
input data is inadequate or ambiguous, human 
clarification is chosen over an autonomous 
choice. 
Following the gate of risk and uncertainty, the 
decision policy picks the most suitable action 
among others. These actions could include the 
creation of code, testing, debugging of an error, 
refactoring of code, documentation, revision, 
preparation of deployment tests, questioning, or 
human approval. Following the decision, the 
explanation module gives an explanation behind 
the selection so that the developer understands 
why the software agent recommended this 
particular course of action. Lastly, the feedback 
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module captures information about the result 
like whether a test was successful, errors were 

corrected by the user, or the action was not 
executed successfully. 

 

 
Figure 1. Proposed risk-aware agentic task-selection architecture. 

 
The suggested architecture is outlined in Figure 1 
below. It involves the initial step involving the 
software engineering process and its workflow 
state, the extraction of contextual cues, mapping 
to a task hierarchy, the application of risk and 
uncertainty gate, followed by the decision policy 
selection and the recommended or performed 
action. 
 
7. Methodology: 
The research methodology adopted in this case is 
that of survey research and concept formation. 

The study uses the method since the aim of the 
paper is not to propose an industrial application 
of the proposed framework but rather conduct 
research to find out the emerging trends, the 
requirements of task selection, create taxonomy, 
propose a risk-based decision framework and 
suggest a validation strategy. It fits perfectly to the 
aim of the thesis proposal which revolves around 
the areas of taxonomy creation, framework 
formation, prototype construction, and 
evaluation. 
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Figure 2. Methodological flow used to develop the taxonomy and conceptual framework. 

 
Figure 2 shows the methodology that would be 
adopted for the development of the Agentic AI-
based autonomous next action selection 
framework. The first step in the method is 
conducting literature review, where previous 
research on Agentic AI, LLM-based code 
generation agents, software engineering 
benchmarks, human in the loop techniques, and 
tooling augmented techniques will be analyzed. 
Once a thorough literature review is carried out, 
recurring software engineering tasks, inputs, 

outputs, risks, and triggers for decision making 
are identified. Identified items are then 
categorized and organized into a taxonomy, 
which categorizes the tasks, the observable 
signals, the output decisions made based on these 
observable signals, and the triggering criteria to 
elevate the decision-making from the agent to 
humans. Using the created taxonomy, a risk-
aware framework will be developed to perform 
the autonomous next action selection.  

 
Table 3. Methodological stages of the study. 
Stage Process Output 
Literature review Search agentic AI, LLM coding agents, 

SWE benchmarks, tool use, human-in-
the-loop systems. 

Set of relevant studies and 
extracted themes. 

Thematic coding Extract software engineering inputs, 
actions, outcomes, and risks from the 
literature. 

Initial list of task categories 
and decision factors. 

Taxonomy design Group recurring tasks into action 
classes with observable signals and risk 
levels. 

Task-selection taxonomy. 

Framework design Define modules for input, context 
understanding, classification, risk gate, 
action selection, feedback, and 
explanation. 

Conceptual architecture. 
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Validation plan Define scenario set, labels, metrics, and 
expert review process for later prototype 
testing. 

Future empirical evaluation 
protocol. 

 
Table 3 shows the methodology steps taken in 
this study to develop the proposed Agentic AI-
based autonomous task-selection framework. 
First, a literature survey will be conducted to gain 
insight into existing research related to Agentic 
AI, language model-based software engineering 
agents, task planning, tool usage, and human-in-
the-loop systems. In the following step, recurring 
software engineering tasks and decision signals 
will be gathered based on the information found 
in the literature and the proposal scope. Next, 
the collected information will be arranged in a 
taxonomy that describes task categories, input 
signals, decision outputs, risk levels, and 
conditions under which escalation to humans 
should occur. After completing the creation of 
the taxonomy, the framework can be developed 
for task selection with consideration of risks 
involved. At last, a scenario-based validation 
process will be planned to evaluate the 
framework in future work. 
 
8. Risk-Aware Decision Policy: 
The decision policy distinguishes between task 
categorization and task authorization. The task 
could be categorized appropriately, but the action 

could still require authorization due to the risks, 
incompleteness, or impact on system availability. 
For instance, a database migration operation 
could be classified as a code generation task or 
one requiring deployment preparation, but the 
agent must not execute it unless confirmed and 
authorized by a human being. It is imperative to 
make the distinction between appropriate task 
identification and the safety of performing the 
task autonomously. 
The agent begins by categorizing the task, for 
example, code generation, debugging, testing, 
refactoring, documentation, or getting ready for 
deployment. After categorization is done, the risk 
level is assessed to determine whether the action 
suggested will have a low, medium, or high risk 
level. For tasks with a low risk level, like writing 
documentation, explaining the code, and 
suggesting the creation of unit tests, they may be 
suggested outright [24][25][26]. Actions that carry 
a moderate level of risk include refactoring 
functions and changing code that does not have 
any vital purpose; this may be done optionally 
along with an explanation. However, for a high 
risk task, human intervention is needed. 
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Figure 3. Decision logic for confidence, risk, human clarification, and action selection. 

 
The decision-making logic of the proposed 
framework in choosing between confidence, risk, 
human clarification, and action execution is 
demonstrated by Figure 3 below. First, the 
framework makes use of the information 
provided in the form of a software engineering 
input, which may come in different forms 
including but not limited to developer requests, 
pieces of code, logs, errors, testing failures, and 
documentation needs [27][28]. In the first step, 
the framework determines the type of the action 
that has been requested by the user and 

computes the confidence level regarding the 
chosen type. If the confidence level is low, no 
action will be performed; instead, human 
clarification will be chosen as the most 
appropriate course of action. However, in case 
the confidence level is acceptable, the risk level of 
the action is calculated and determined. 
Depending on the risk level of the action (low or 
moderate), human clarification will take place 
and developer confirmation will be needed 
before proceeding further. 
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Table 4. Decision factors used by the proposed task-selection policy. 
Factor Description Influence on decision 
Confidence score Probability or agreement level for 

the predicted task class. 
Low confidence triggers 
clarification. 

Risk level Estimated impact of the 
recommended action on 
correctness, security, data, or 
deployment. 

High risk triggers human 
approval. 

Tool readiness Availability of required tools 
such as test runner, linter, build 
tool, or documentation 
generator. 

Missing tool leads to 
recommendation rather than 
execution. 

Workflow state Previous action, current artifact, 
error feedback, and test status. 

Prevents poor sequencing such as 
documenting before code 
stabilizes. 

Explanation quality Whether the selected action can 
be justified with observable 
evidence. 

Weak explanation lowers trust 
and may require review. 

 
The following Table 4 identifies the principal 
decision criteria adopted by the suggested task 
selection policy to determine the most 
appropriate course of action in the software 
engineering process. The criteria ensure that the 
agent’s decision process does not solely rely on 
the classification of tasks but also takes into 
account their context completeness, confidence, 
severity, tool availability, and human intervention 
necessity. For instance, the task might be 
identified as the debugging task; however, when 
the problem involves an impact on 
authentication, transactions, database operations, 
or deployment configurations, the decision must 
take into account higher risk levels associated 
with the course of action and trigger the human 
validation step before proceeding with the action 
itself. Similarly, incomplete developer requests 
must be followed by the clarification step rather 
than automatic generation and modification. 
 
9. Comparative Gap Analysis: 
The above comparison clearly illustrates the 
necessity for a framework to select tasks. 
Although existing frameworks have provided 

useful pieces of the puzzle, the current work has 
attempted to integrate all of the taxonomy, 
workflow state, risk gate, reasoning, and human 
input into one model for selecting next actions 
[29][30]. Prior solutions mostly concentrate on 
doing a certain task once the task has been 
identified by the user such as code generation, 
bug fixing, test generation, or documentation 
summary. However, in practical software 
engineering scenarios, the most challenging part 
may actually be determining which task to do 
next. 
This becomes an issue due to the fact that 
software development is a multi-step process, 
requiring different decisions to be taken along 
the way; for instance, a developer request may 
need some clarification, generated code needs to 
be tested before being accepted, code testing 
failure might need debugging, or a potentially 
dangerous action needs to be approved by a 
person first. Even though there are existing 
software systems assisting humans in coding, 
these AI applications may lack the layer of 
decision-making necessary for choosing which 
step should be taken next. 
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Table 5. Comparative gap analysis of related work and the proposed paper. 
Work direction Main focus Remaining limitation / 

difference 
SWE-bench style evaluation 
[7][13][17] 

Repository-level issue solving 
with real software tasks. 

Focuses on solving known issues, 
not a general next-action 
taxonomy. 

SWE-agent style systems 
[3][4][9][22] 

Use tools to inspect repositories, 
edit files, and run tests. 

Strong execution pipeline, but 
task selection is tied to issue-
solving workflows. 

AgentCoder and multi-agent 
coding 
[6][13][16][19] 

Specialized agents for coding, 
testing, and verification. 

Agent roles are predefined; 
dynamic task selection remains 
limited. 

Tool-use benchmarks 
[4][7][8] 

Measure API/tool calling ability 
and error handling. 

They evaluate tool usage, not 
software workflow action choice. 

Human-in-the-loop AI 
[13][15][26] 

Improves safety, oversight, and 
trust. 

Often separate from task 
taxonomy; clarification is not 
always modeled as an output 
class. 

Risk-aware conceptual framework 
[14][17][22] 

Taxonomy plus risk-aware 
conceptual framework for 
autonomous software 
engineering task selection. 

Targets the decision layer before 
execution and provides a 
structured validation plan. 

 
This is depicted in Table 5 below. From the table 
above, it can be seen that previous studies have 
made substantial contributions to the field of AI-
assisted software engineering by means of code 
generation, debugging, testing, repository level 
repairing, benchmarking, and agent based 
automation of software engineering processes. 
Most of these studies either concentrate on a 
single task in software engineering or assess their 
agents once a task assignment has been done. In 
contrast, the proposed paper concentrates on the 
early decision making layer. 
 
10. Validation Plan for Future Prototype: 
The future prototype could employ a scenario 
dataset that includes developer requests, code 
snippets, error logs, test results, and 
documentation requirements. The dataset could 
be labeled manually based on the intended task 
category, appropriate actions, risk levels, 
confidence requirements, and whether human 
intervention is required. Validation of the agent's 
action could then involve checking the 

correctness of the selected action against 
predefined labels for the given scenarios. If the 
failure to pass a unit test is considered a 
debugging scenario, the action will need to be 
compared with ground-truth labels indicating the 
correct action to take. The same will apply in 
cases where the scenario involves feature requests, 
high-risk requests, authentication, payment 
processing, database migrations, and deployment 
configurations. 
The future assessment process can include 
qualitative and quantitative assessments. The 
quantitative assessment could be carried out 
through the measurement of classification 
accuracy, action selection correctness, precision, 
recall, F1 score, confusion matrix values, and 
human escalation accuracy. The qualitative 
assessment can be done by checking whether the 
reasoning provided by the agent is 
comprehensible, whether the risky tasks are 
performed properly, and whether the next action 
selected is helpful for the software engineer 
developer. 
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Table 6. Proposed validation plan for future empirical work. 
Component Description Purpose 
Scenario set 50-150 representative software 

engineering scenarios. 
Each scenario labeled with 
expected task class and action. 

Baselines Rule-based classifier and prompt-
based LLM classifier. 

Compare simple deterministic 
logic with LLM-assisted 
reasoning. 

Metrics Accuracy, macro F1, confusion 
matrix, action-selection 
correctness, clarification 
precision. 

Measure both classification and 
practical action quality. 

Expert review Supervisor or software 
engineering practitioners review 
disputed labels. 

Improve validity of expected 
actions. 

Error analysis Analyze false positives, false 
negatives, unsafe actions, and 
unnecessary clarifications. 

Identify weaknesses and refine 
taxonomy. 

 
A proposed validation plan for empirical testing 
of the task selection framework is shown in Table 
6 below. Because this paper is written as a 
taxonomy and conceptual framework, the 
validation plan outlines how the proposed model 
may be empirically validated in future studies 
using actual experiments, but not by fabricating 
data. The validation plan involves creating a 
dataset that consists of various scenarios from 
software engineering practice, such as developer 
queries, code samples, error messages, failed tests 
output, refactoring needs, documentation, and 
ambiguous requirement cases. These scenarios 
will have an annotation with the expected task 
type, action to take, risk level, confidence 
threshold, and human consultation needed. 
 
11. Expected Outcomes: 
Outcome of This Research Paper 
This research paper will deliver the expected 
outcome in form of a foundation which will be 
useful for developing software engineering agents. 
This outcome will be publishable and does not 
require immediate experiments since they can be 
conducted later using this concept. 
• Explicit taxonomies of task types and 
decision outputs in agentic software engineering 
processes. 
• A risk-sensitive conceptual architecture 
of next action selection. 

• A decision policy that considers 
confidence, risk, tool-readiness, process status, 
and explanation quality. 
• Scenario-driven testability strategy that 
allows the conceptual paper to be followed up 
empirically. 
• More conservative treatment of novelty 
that does not rely on unsupportable statements of 
uniqueness. 
Another anticipated result would be the design of 
a scenario-based validation scheme that would 
enable the transformation of the existing 
theoretical paper into an empirical follow-up 
investigation. The future investigators could 
generate scenarios of software engineering cases 
that will include developers' inquiries, code 
samples, error messages, test results, 
documentation requirements, and vague 
requirements. Such scenarios could then serve as 
the basis for evaluating the accuracy of task 
classification, action selection, human escalation, 
and explanation generation. 
Last but not least, the paper offers a safer 
perspective on novelty by not making unjustified 
assertions such as none existing before. Rather 
than asserting that Agentic AI has not been 
researched in software engineering, the paper 
grounds its novelty on the particular layer of 
decision-making where autonomous action 
selection is considered. This is a stronger 
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perspective from an academic viewpoint, as it 
considers previous research in AI programming 
assistants, software engineering agents, and 
automatic software development without missing 
out on defining a gap. 
 
12. Limitations: 
This research article addresses only the issues 
related to taxonomies and the conceptual 
framework. No prototype implementations, 
experimental findings, or industry deployment 
data are presented. Hence, the assertions in this 
article are purely theoretical and analytical. This 
framework helps us understand how the Agentic 
AI could perform task classification, risk 
evaluation, selection of actions, and human 
interaction in such systems. However, its 
effectiveness has yet to be verified through 
implementation and experimentation. 
Another limitation of this approach is its reliance 
on labeling and scenario quality. Future testing 
data sets containing poorly defined, biased, 
incomplete, or unrealistic scenarios will provide 
inaccurate evaluations of task selection quality. 
Furthermore, expert-generated ground truths 
used for testing might also be inconsistent among 
developers who could make different decisions 
based on the specifics of their projects, coding 
standards, risk preferences, and experience in 
specific fields. In other words, a correct solution 
to the problem of task selection may differ among 
developers. 
It is also constrained in terms of the range of the 
selected tasks categories. For instance, this work 
covers common actions that may be performed 
while doing software engineering like generating 
code, testing, debugging, refactoring, 
documenting, reviewing, preparing for release, 
and clarifying to a person. Yet, there might be 
other activities in actual software development 
like negotiating the requirements, designing an 
architecture, auditing for security issues, 
optimizing for performance, managing 
dependencies, DevOps monitoring, or 
responding to incidents. 
 

13. Conclusion: 
The paper presented a classification as well as a 
risk-sensitive framework for Task Selection for 
Agentic AI-driven Autonomy in software 
engineering processes. The main novelty of the 
paper consists of the decision layer that decides 
what the next appropriate action could be - code 
generation, testing, debugging, refactoring, 
documentation, code review, deployment pre-
check, clarification from humans, or human 
approval. Unlike regular AI code assistants which 
operate primarily on requests from users, the 
framework in question aims to determine the 
appropriate workflow state and action. 
The paper emphasizes the importance of the issue 
of automatic task choice as a significant yet 
understudied challenge in the context of agency-
oriented software development. While most 
existing systems have exhibited advanced levels of 
competence in generating code, performing tests 
and debugging, automating version control and 
other related actions, they still lack the capability 
to make a decision about whether to perform 
certain actions at the right time, whether to 
postpone, ask questions, etc. In order to solve the 
problem, the authors suggest integrating several 
aspects within one framework. 
The presented taxonomy systematizes typical 
software engineering tasks based on their 
structure, input triggers, output options, and risk. 
That allows the agent to identify whether the 
provided input refers to code development, 
testing failure, diagnostic problem, refactoring 
possibility, documentation issue, or ambiguous 
requirement. The risk-sensitive decision-making 
policy also guarantees that proper task 
recognition will not guarantee autonomous 
action. Such high-risk tasks as changes related to 
authentication procedures, migration of 
databases, payment logic issues, deployment 
preparation, and destructive tasks must receive 
human permission for execution. 
On the whole, the structure provides better 
safety, explainability, and robustness to agentic 
software engineering processes. It can be 
considered as a conceptual publication at an early 
stage since it does not have any fake 
experimentation data. Rather, the framework lays 

https://portal.issn.org/resource/ISSN/3006-7030
https://portal.issn.org/resource/ISSN/3006-7030


Spectrum of Engineering Sciences   
ISSN (e) 3007-3138 (p) 3007-312X  Volume 4, Issue 6, 2026 
 

https://thesesjournal.com                     | Irshad & Hussain, 2026 |   Page 1371 

down an organized basis for future prototype 
testing. In the future, researchers can construct 
the architectural model, create a labeled scenario 
database, test the rule-based and LLM-based 
decision-making techniques, and assess the 
framework by means of metrics like task-
classification accuracy, action selection efficiency, 
human escalation precision, explanations, and 
developer usefulness. 
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