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 A B S T R A C T

Context: Agentic frameworks such as LangChain, CrewAI, and AutoGen have become important for building 
autonomous AI systems by coordinating LLM-based agents. However, despite rapid adoption, limited evidence 
exists about the real-world challenges practitioners face during development. Prior research has focused mainly 
on post-deployment issues such as runtime and communication problems. This leaves limited understanding 
of the obstacles that occur before deployment. These challenges hinder progress, expose documentation gaps, 
and reveal mismatches between framework abstractions and practitioner needs.
Objective: This study aims to identify and characterize the challenges practitioners encounter when using 
agentic frameworks, examine the types of questions developers ask, and quantify which technical areas are 
the most difficult for the community to resolve.
Methods: We analyze 2658 Stack Overflow posts related to agentic frameworks. Using co-occurring tag 
analysis and Latent Dirichlet Allocation (LDA), we extract recurring topics and group them into categories. We 
then manually code posts to classify question types, including ‘‘How’’, ‘‘Why’’, and ‘‘What’’. Topic difficulty is 
assessed using the percentage of unresolved posts and the median time to accepted answers.
Results: Practitioners most frequently struggle with framework configuration, tool integration, vector database 
operations, and agent execution behavior. A majority of posts, 71.1%, are procedural ‘‘How’’ questions, showing 
a need for practical guidance. LLM execution and runtime issues have the highest proportion of unanswered 
posts at 86%. Vector database related problems take the longest to resolve, with a median time of 100.3 h. In 
contrast, library and output or token issues are resolved more quickly.
Conclusion: This study offers the first large-scale empirical analysis of developer challenges with agentic 
frameworks. The findings highlight barriers in data management, orchestration, runtime execution, and 
configuration. Improving documentation, abstractions, and debugging tools can support more reliable and 
accessible agentic system development.
. Introduction

The rapid evolution of Large Language Models (LLMs) has funda-
entally transformed the landscape of software development, notably 
y catalyzing the emergence of autonomous agent systems [1]. Soft-
are agent is an autonomous entity that perceives its environment 
hrough natural language interfaces, reasons about goals and context, 
nd acts upon that environment through tool use and multi step exe-
ution [2,3]. The commercial significance of agentic AI is substantial; 
he global agentic AI market was valued at approximately $5.25 billion 
n 2024 and is projected to reach $199.05 billion by 2034 [4]. This 
xplosive growth reflects the critical role these systems play in enabling 
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sophisticated automation across industries, from automated research 
assistants to intelligent workflow copilots.

The motivation for developing agentic systems stems from the lim-
itations of monolithic LLM applications, which struggle with complex, 
multi step tasks requiring tool use, iterative reasoning, and dynamic 
adaptation [5]. Agentic systems address these constraints by facilitating 
task decomposition, external knowledge retrieval, and autonomous 
decision making [6]. To translate these capabilities into deployable 
applications, practitioners rely on specialized agentic frameworks such 
as LangChain, AutoGen, and CrewAI, which provide the necessary
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structure for developing and orchestrating agentic workflows. How-
ever, despite the abstractions these tools provide, practitioners face sig-
nificant implementation challenges when developing with these frame-
works.

Prior studies have investigated the challenges in agentic system 
development, identifying issues such as runtime instability [7], ad-
versarial security vulnerabilities [8], and communication inefficien-
cies [9]. Yet, these studies primarily focus on the execution and runtime 
phase, analyzing systems that are already built and deployed to un-
derstand why they perform poorly [7,10–12]. This leaves a critical 
gap in our understanding of the development phase: the practical, 
pre-deployment challenges practitioners encounter when attempting 
to configure, integrate, and orchestrate the complex components in 
agentic frameworks. Furthermore, these challenges are compounded 
by the rapid and continuous evolution of agentic frameworks [13]. 
LangChain, AutoGen, and similar platforms are frequently updated with 
new tools, breaking changes, and evolving best practices [14,15], often 
outpacing the inherent knowledge cutoff of general purpose LLMs.

To address the gaps identified in prior studies, our work examines 
the challenges practitioners discuss on Stack Overflow when using 
agentic frameworks. We analyze a comprehensive dataset of 2658 
posts, extracted from the most prominent QA development website 
(i.e., Stack Overflow) related to major frameworks such as LangChain, 
CrewAI, and AutoGen to identify the primary technical difficulties and 
recurring conceptual themes. Our mixed-methods approach combines 
topic modeling to cluster related questions into coherent themes with 
quantitative and thematic analyses to identify patterns in question 
complexity and knowledge gaps. Our investigation is guided by the 
following research questions:

RQ1: Which topics emerge in discussions about agentic frame-
works among practitioners? To answer this, we applied Latent Dirich-
let Allocation (LDA) to extract latent themes, followed by a qualitative 
consensus process to label and synthesize these topics into a high level 
taxonomy. We find that agentic framework practitioners ask about 14 
main topics that can be grouped into four categories: Data Manage-
ment (30%), Integration (29%), Development (28%), and Prerequisites 
(13%).

RQ2: What types of questions are practitioners asking when 
working with existing agentic frameworks? To categorize practi-
tioner intent, we manually coded a statistically representative sample of 
1767 posts (95% confidence level) across the four identified categories. 
We find that the vast majority of questions (71.1%) are procedural 
‘‘How’’ questions.

RQ3: Which topics present the greatest difficulty for practition-
ers to respond to effectively? We quantified difficulty by measuring 
the percentage of unresolved posts and the median time to an accepted 
solution. We find that the most difficult topics are those related to 
LLM Runtime (86% have no accepted answers) and complex data man-
agement activities such as vector database operations (median time: 
100.3 h). In contrast, topics concerning Output & Token Management 
tend to receive faster responses (median time: 11.2 h). We did not find 
a statistically significant correlation between topic difficulty and topic 
popularity.

This study makes the following key contributions:

• We conduct the first large scale empirical analysis of the real-
world challenges practitioners encounter when building with 
agentic frameworks.

• We quantify the severity of these challenges through community 
response metrics to identify the technical areas that are the 
hardest to resolve.

• We publish our replication package of the dataset and the code 
used in our analysis to facilitate further research.1

1 https://zenodo.org/records/17708828
2 
Building on these contributions, it becomes clear why addressing 
these gaps is essential. First, understanding the challenges practitioners 
face helps guide the development of more robust frameworks and 
improved developer tools. Second, it supports the creation of targeted 
educational resources and best practices. Finally, it strengthens the 
long term reliability and scalability of agent systems as they become 
increasingly central in different domains and industries.

Paper Organization. The remainder of this paper is organized as 
follows: Section 2 describes our methodology, Section 3 presents the 
results, Section 4 discusses their implications, Section 5 reviews related 
work, Section 6 considers threats to validity, and Section 7 concludes 
the paper.

2. Methodology

The primary objective of our work is to comprehend the types of 
challenges practitioners face when using agentic frameworks to develop 
LLM-based agents. We utilized Stack Overflow as our primary data 
source, as the platform provides a candid record of the questions and 
issues practitioners face in practice. Stack Overflow was selected over 
other sources, such as discussion forums or GitHub, due to several key 
advantages, consistent with prior software engineering studies [16–18]. 
First, Stack Overflow has a large and active developer community, 
which ensures diverse perspectives and a high volume of real-world 
programming problems. Second, the platform enforces a structured 
question and answer format, along with voting and reputation mecha-
nisms, which helps surface the most relevant and high quality content. 
Third, unlike GitHub issues, Stack Overflow questions are generally 
self-contained and focused on specific technical problems rather than 
broader project discussions, making them well-suited for systematic 
analysis. One might argue that practitioners could refer to LLMs to 
answer their technical questions. However, Jimenez et al. [19] show 
that LLMs often fail to answer questions that require deep reasoning 
across multiple file dependencies and complex system interactions. 
Their findings indicate that current models struggle to maintain a 
correct understanding of the full software context, meaning that many 
of these issues still require human developers to interpret, trace, and 
resolve them. Furthermore, LLMs are trained on data up to specific 
cut-off dates, which makes them unable to address newly emerged 
questions. For example, if a new framework is released after an LLM 
has been trained, it would not be able to answer questions about it. 
Therefore, practitioners often turn to Stack Overflow for help with their 
technical challenges (as discussed in Section 4). Fig.  1 summarizes the 
overall methodology, which unfolds across five stages. Each of these 
stages is elaborated on in the remainder of this section.
Step 1: Stack Overflow dataset acquisition & preparation. We began 
by downloading the publicly available Stack Overflow archive, which 
is distributed in raw XML format. This raw data was subsequently 
converted into a structured relational format to enable large scale pro-
cessing and analysis. The resulting dataset encompasses posts created 
from the platform’s inception in August 2008 through January 2025 
and contains approximately 60 million entries, including both questions 
and answers. Each entry is characterized by its core text (question or 
answer) alongside key metadata, such as programming language tags, 
vote scores, and timestamps, providing multiple dimensions for the 
subsequent empirical analysis.
Step 2: Collect co-occurring tags. Tags on Stack Overflow serve as 
user assigned labels that summarize the content of a post, indicating the 
technologies, frameworks, or concepts involved (e.g., agent, langchain). 
These tags are crucial for our study as they provide a first level indi-
cation of a post’s relevance to agentic frameworks, which is necessary 
to effectively filter the millions of entries in the archive. Without this 
initial filtering, sifting through the dataset for relevant content would 
be infeasible.

https://zenodo.org/records/17708828
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Fig. 1. Illustration of the methodology used in our study.
To identify the set of tags most relevant to agentic frameworks, 
we adapted the methodology of prior work on Stack Overflow post 
analysis [20]. This selection required a systematic procedure to ensure 
the resulting post set was both comprehensive and highly focused on 
the domain. We initially considered focusing on a broad collection 
of specific framework tags (e.g., crewai, langchain-agents, llama-index). 
This approach risked missing posts about emerging frameworks or 
introducing noise from general purpose technologies that co-occur with 
a wide range of tools. We also considered narrowing the selection to 
a single, highly specific framework tag such as langchain-agents. This 
approach was too narrow, limiting our analysis to a single ecosystem 
and failing to capture the broader developer discourse on agentic 
systems.

Ultimately, we chose to focus our initial extraction on posts re-
quiring the co-occurrence of both the large-language-model and agent
tags. This combination was selected for its high conceptual specificity, 
as our goal was to extract posts that truthfully reflect agentic LLM 
development frameworks, rather than general LLM use.

We specifically avoided using either tag as a standalone criterion 
because the large-language-model tag alone introduces excessive noise 
from general LLM usage (e.g., prompt engineering), while the agent
tag alone often refers to general software agents unrelated to modern 
LLM-based agents.

By requiring the co-occurrence of both, we ensured the initial post 
set was highly focused and less noisy, directly linking the concept of 
an agent to the underlying Large Language Model technology.

Following this approach, we then extracted all posts containing 
both the large-language-model and agent tags, resulting in a total of 35 
posts. From this subset, we then systematically extracted and counted 
all other tags that appeared alongside the required pair. This process 
yielded 27 unique candidate tags. These co-occurring tags capture addi-
tional concepts and technologies that practitioners frequently associate 
with agentic frameworks (e.g., langchain, pandas), that practitioners 
frequently associate with agentic frameworks, providing the necessary 
basis for expanding the dataset in the subsequent step.
Step 3: Filter tags for relevance and significance. To develop a 
focused and reliable final tag set, we recognized that the initial 27 
co-occurring tags required refinement. Specifically, tags that were only 
weakly related to agentic frameworks or appeared too rarely to be use-
ful needed to be excluded. For this filtering, we applied two heuristic 
metrics introduced in prior studies [20,21].

The first metric, Tag Relevance Threshold (TRT), captures the 
strength of association between a candidate tag and agentic framework 
related posts. TRT is calculated by dividing the number of posts 
containing both the candidate tag and the agentic framework tags 
(large-language-model and agent) by the total number of posts containing 
only the candidate tag. This metric helps filter out tags that are 
3 
common in general contexts but have only a weak connection to agentic 
frameworks. Formally, the TRT is calculated as:

TRTtag =
𝑁𝑜. 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡𝑖𝑐 𝑓𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘 𝑝𝑜𝑠𝑡𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑡𝑎𝑔

𝑇 𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑡𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑡𝑎𝑔

Calculating TRT across all candidate tags allows us to distinguish which 
tags are strongly associated with agentic frameworks and which are 
less relevant. For example, the tag crewai has a TRT of 8.7%, implying 
that 8.7% of posts labeled with crewai are also tagged with both
large-language-model and agent.

However, tags that appear in very few posts can sometimes show a 
high TRT, which may misleadingly suggest a strong association with 
agentic frameworks. For example, the alpaca tag occurs in only 11 
posts, yet its TRT reaches 4.5% because five posts overlap with both
large-language-model and agent tags. To mitigate the influence of such 
minimally relevant tags, we use a second metric called the Tag Signifi-
cance Threshold (TST). TST quantifies how significant a candidate tag is 
within the set of posts related to agentic frameworks. TRT is calculated 
by counting how many posts contain both the target tag and the agentic 
framework tags. This count is then compared to the total number of 
posts containing the main tag combination, large-language-model and
agent (35 posts), to see how strongly the target tag is associated with 
agentic frameworks. This metric is expressed as:

TSTtag =
𝑁𝑜. 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡𝑖𝑐 𝑓𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘 𝑝𝑜𝑠𝑡𝑠 𝑓𝑜𝑟 𝑡ℎ𝑒 𝑡𝑎𝑔

𝑁𝑜. 𝑜𝑓 𝑎𝑔𝑒𝑛𝑡𝑖𝑐 𝑓𝑟𝑎𝑚𝑒𝑤𝑜𝑟𝑘 𝑝𝑜𝑠𝑡𝑠 𝑤𝑖𝑡ℎ 𝑡ℎ𝑒 𝑚𝑜𝑠𝑡𝑝𝑜𝑝𝑢𝑙𝑎𝑟 𝑡𝑎𝑔

This metric highlights tags that appear frequently in agentic frame-
work discussions, excluding those that appear sporadically. For ex-
ample, the prompt tag has a TST of 1.9%, implying that 1.9% of all 
agentic framework related posts tagged with large-language-model and
agent also include the prompt tag.

To identify the final set of tags that are both relevant and significant 
to agentic frameworks, we established minimum thresholds for the 
TRT and TST. Instead of using a single cutoff, the first two authors 
independently explored several threshold combinations and assessed 
their impact on the set of co-occurring tags. For each candidate tag, the 
annotators examined a sample of 15 posts to determine when it started 
to become less related to agentic frameworks and shift toward broader, 
less relevant topics. This empirical approach ensured that the selected 
thresholds struck an appropriate balance between capturing meaningful 
content and excluding irrelevant noise. Following the best practices of 
prior empirical studies [22,23], we then compared our independent 
evaluations and discussed them among all authors to reach consensus 
on the most appropriate TRT and TST values. Based on this rigorous 
process, we determined that a TRT above 1.1% and a TST above 2.8% 
provided the best balance, preserving a representative range of agentic 
framework discussions while filtering out irrelevant posts. The final tag 
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Table 1
Final tag set for agentic framework posts with corresponding TRT and TST 
values (%)
 Tag name TRT (%) TST (%) 
 langchain 1.2 74.3  
 py-langchain 1.3 17.1  
 crewai 8.7 11.4  
 langchain-agents 4.7 8.6  
 multi-agent 1.7 8.5  
 langgraph 1.9 5.7  
 openai-assistants-api 2.8 2.9  
 ms-autogen 1.9 2.9  
 litellm 25 2.8  

set, defined using these thresholds, is shown in Table  1 alongside each 
tag’s TRT and TST values.
Step 4: Construct agentic framework dataset. After establishing 
the final tags related to agentic frameworks, we extracted all Stack 
Overflow posts that included at least one of these tags (see Table  1) 
to form the primary corpus that will be used for our study. In total, 
we extracted 2658 agentic framework posts, each accompanied by the 
posts’ attributes.
Step 5: Clean and Preprocess Agentic Framework Posts. To prepare 
the collected post dataset for in-depth qualitative analysis, we first 
refined the dataset to focus on elements most indicative of developer 
discussions.

We restricted our analysis to post titles because they clearly high-
light the main point of each discussion. In contrast, the body of a post 
can be long and include extraneous details, code snippets, or unrelated 
information that might obscure the key patterns we are interested in.

Once all the titles were extracted, we implemented a preprocessing 
workflow using Python’s NLTK [24] and Gensim [25] libraries, as 
follows:

• Stopword Removal: We filtered out a predefined set of common 
English stopwords using the NLTK corpus, as these terms lack 
significant semantic value for distinguishing topics.

• Bigram Detection: Some concepts in this domain are often ex-
pressed as multi-word phrases (e.g., ‘‘Langchain agent’’ or ‘‘multi 
agent systems’’). To capture these as single units, we used a 
statistical model to identify pairs of words that frequently appear 
together in the post titles and combined them into single tokens 
for analysis.

• Lemmatization: We reduced all words to their canonical base, 
or lemma, to ensure that variations of the same word are treated 
consistently, thereby helping the model recognize patterns more 
accurately.

These preprocessing steps yielded a refined dataset that was subse-
quently used as input for the topic modeling stage.
Step 6: Apply Topic Modeling to Identify Agentic Framework Top-
ics. After preprocessing, we set out to uncover the main themes within 
the agentic framework posts on Stack Overflow. For this purpose, 
we employed Latent Dirichlet Allocation (LDA) [26], a probabilistic 
method widely utilized in software engineering research [22,27,28]. 
LDA treats each document (post) as a mixture of multiple topics, 
producing a probability distribution that indicates how strongly a post 
aligns with each topic. We implemented this step using Mallet’s version 
of LDA [29], which identifies the dominant topic of each post by se-
lecting the one with the highest probability and its most representative 
keywords.

When applying LDA, it is necessary to determine the number of 
topics, denoted as 𝐾, since this parameter dictates how the posts will 
be grouped. Choosing an excessively high 𝐾 can yield overly specific 
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topics, whereas a very low 𝐾 tends to generate broad topics that con-
flate multiple themes. To address this challenge, we explored 𝐾 values 
from 5 to 25, incrementing by 1, and adopted a quantitative–qualitative 
hybrid approach:

1. Quantitative Screening: We computed the coherence
score [30] for each value of 𝐾 to objectively measure topic 
quality and previously used by similar work [16,22,27]. The co-
herence score assesses the semantic similarity between the most 
highly ranked words within a topic. A higher score indicates 
a better, more interpretable topic that human experts would 
judge as being consistently focused on a single concept. This 
process identified a set of candidate models (𝐾 = 10 to 16) with 
the most similar coherence values. Lower configurations (𝐾 =
10–11) exhibited topic conflation, where conceptually distinct 
themes were merged into a single topic. For example, posts on 
multi-agent system design (e.g., ‘‘Design pattern in multi-agent 
systems’’) and framework-specific debugging (e.g., ‘‘LangChain 
with Azure AttributeError’’) were grouped together, despite 
representing fundamentally different concerns, in this case agent 
architecture versus runtime errors. Conversely, higher config-
urations (𝐾 = 16) produced overly narrow topics that were 
difficult to interpret, such as isolating posts about a single 
library function or error type into their own topic, offering little 
analytical value beyond what a keyword search would provide.

2. Qualitative Validation: The first two authors independently 
manually reviewed a random sample of 50 posts from the topics 
generated by each candidate model. This assessment indicated 
that 𝐾 = 14 produced topics that were both semantically distinct 
and interpretable, while also offering the best balance between 
breadth and specificity within our domain.

3. Results

In this section, we present the results of our study. We describe our 
motivation, methodology to answer the questions, and results for each 
research question.

3.1. RQ1: Which topics emerge in discussions about agentic frameworks 
among practitioners?

Motivation: Recent research has begun to explore how agentic 
systems powered by LLMs are being applied across various industries 
such as software engineering [2,31,32], science discovery [33], and 
finance [34]. Agentic frameworks are central to this shift because they 
provide the components needed to build agentic systems. Working with 
these systems requires skills such as prompting, task orchestration, and 
tool integration. As a result, practitioners often face uncertainties about 
how to apply these emerging practices in real-world applications. The 
goal of this research question is to examine the practitioners discussions 
on Stack Overflow to identify the main topics focus on when working 
with agentic frameworks. Mapping these topics provides an initial 
understanding of the areas that attract the most attention and the issues 
that commonly arise in practice.

Approach: To address this research question, we relied on the 
results of the Latent Dirichlet Allocation (LDA) analysis performed in 
Step 6 of our methodology (as detailed in Section 2). The resulting 
topics were then manually reviewed and refined to ensure clarity and 
accuracy. Specifically, each topic was reviewed independently by the 
first two authors, who examined the top keywords and a random 
sample of posts to assign a descriptive label representing its central 
theme. Following independent labeling, the annotators discussed all 
topics to reach a consensus on their final titles.

During this analysis, we observed that several topics addressed 
related aspects of agentic system development. For instance, some 
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Table 2
Topics on agentic frameworks, grouped by category, with popularity indicators. Topics are sorted within each category by number of posts (greatest to least).
 Main Category Topic # Posts Avg. Views Avg. scores 
 
Data Management

Memory & Context Retrieval 222 2485.12 1.02  
 Document Parsing/Indexing 196 2022.88 1.03  
 Multi-Input & Template Handling 191 1883.06 0.92  
 Vector DB Operations 173 2062.62 1.01  
 
Integration

Agent Orchestration 245 1715.61 1.09  
 Model Deployment 185 1514.17 0.95  
 API Usage 184 1705.95 0.84  
 Text & Embedding Pipelines 166 1942.66 1.01  
 
Development

LLM Execution & Runtime Issues 218 1587.57 0.85  
 Output & Token Management 187 1806.30 1.12  
 Advanced Chain Usage & Asynchronous Operations 181 1947.38 1.08  
 Framework Libraries & Methods 155 2685.85 1.86  
 Prerequisites Environment & Dependency Issues 220 3350.04 1.46  
 Resource Configuration & Management 135 2664.11 1.34  
topics focused on coordinating multiple agents or integrating exter-
nal tools, as both these topics involve managing the interaction be-
tween different components. To provide a clearer and more organized 
overview, we grouped these related topics into broader categories to 
create a structured, hierarchical view of the discussions around agentic 
frameworks.

Finally, we assessed the popularity of each topic within the devel-
oper community to understand which areas attract the most attention 
and engagement. We selected two complementary metrics that have 
been used by prior work [20,35–37] to capture different aspects of 
popularity:

• Average Views per Post (Avg. Views): This metric captures a 
topic’s overall visibility and level of developer interest. On Stack 
Overflow, the view count accounts for both registered and non 
registered users; thus, posts with higher view counts reflect topics 
that draw broader community attention and engagement.

• Average Score per Post (Avg. Score): This measures the per-
ceived quality and value of a topic’s discussions. Scores are based 
on community upvotes, reflecting how helpful or informative 
peers consider the associated content.

Results: Table  2 presents the 14 topics that emerged in Stack Over-
flow discussions about agentic frameworks. These 14 topics were orga-
nized into four main categories: Data Management, Integration,
Development, and Prerequisites. This categorization helps il-
lustrate which areas of agentic framework development attracted the 
most attention and the discourse surrounding different aspects of these 
frameworks. Below, we explore each category in depth to highlight the 
key themes in discussions on agentic frameworks.

Data Management: The posts in this category focused on handling, 
processing, and structuring data specifically for LLM based agents 
within agentic frameworks. Comprising 30% of the total dataset, this 
was the largest category observed. The prominence of these posts 
highlights the critical role of effective data handling in ensuring LLMs 
can access and use information accurately and efficiently across dif-
ferent workflows. This category includes four key topics: Multi-Input 
& Template Handling, Document Parsing/Indexing, Vector DB Operations, 
and Memory & Context Retrieval. Discussions in this area addressed 
the unique challenges practitioners faced in managing the context 
window, implementing Retrieval Augmented Generation (RAG), em-
bedding and indexing documents for vector databases, and managing 
conversational memory. For example, one post asked, ‘‘How to use 
VectorStoreRetrieverMemory in langchain with PGVector?’’ [38]. The 
sheer volume of posts in this category shows the immense practical 
difficulty practitioners face in preparing, storing, and retrieving the 
specific information needed to power intelligent, context-aware agents.

Integration: The posts in this category focused on the challenges 
integrating different components of agentic frameworks. This category 
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accounted for a substantial 29% of the dataset, which highlighted the 
essential role of integration in enabling LLM based agents to function ef-
fectively in real-world applications. Discussions in this area highlighted 
challenges practitioners faced when coordinating multiple agents, inte-
grating external APIs, setting up pipelines for embeddings, or deploying 
models into production environments. For example, the post ‘‘How to 
apply a prompt on each retrieved document before answering, in the 
Langchain ConversationalRetrievalChain’’[39] illustrates the practical 
difficulties practitioners encountered when combining multiple compo-
nents into a single pipeline. Another illustrative example is ‘‘Multiple 
agents thread synchronization’’, which demonstrated the complexities 
of coordinating multiple agents simultaneously. Practitioners often en-
countered issues such as race conditions, timing conflicts, and shared 
resource management when multiple agents operated in parallel, un-
derscoring the additional integration challenges that arise specifically 
in multi-agent systems. Notably, Agent Orchestration accounted for the 
highest number of posts across all topics, reflecting the central difficulty 
of coordinating multiple agents effectively.

Development: This category addressed the practical challenges 
practitioners faced when developing and executing agents using agentic 
frameworks. For instance, posts in this category included ‘‘LangChain 
returning answers out of context’’ [40] and ‘‘Authentication error when 
using LangChain agents’’ [41], illustrating the common difficulties in 
ensuring correct execution and reliable agent behavior. Discussions 
in this area covered issues such as LLM execution errors, handling 
asynchronous chains, and managing outputs effectively. Comprising 
28% of the dataset, these posts emphasized the technical complexities 
inherent in developing functional, high performing LLM based agents 
within agentic frameworks.

Prerequisites: This category addressed the fundamental setup and 
initialization issues practitioners encountered when working with agen-
tic frameworks. It encompassed posts related to establishing and man-
aging the environment, dependencies, and computational resources 
required for these systems to function correctly. Discussions within this 
area constituted 13% of the total posts in the dataset, highlighting the 
challenges practitioners faced in meeting these initial requirements. 
Posts commonly describe problems such as installation errors, module 
import failures and library conflicts. For example, practitioners asked 
questions like ‘‘ModuleNotFoundError: No module named langchain 
in docker container’’ [42], or ‘‘LlamaIndex SIGILL on Mac M1’’ [43]. 
Collectively, these discussions highlighted the practical difficulties of 
fulfilling the necessary prerequisites for agentic frameworks and es-
tablishing the correct foundation of required packages, libraries, and 
resources for subsequent functionality.

In our analysis of topic popularity, we find that the most viewed 
discussions center on the Prerequisites and Development cate-
gories. Although the Prerequisites category represents only 13% 
of posts in the dataset, topics such as Environment & Dependency Issues
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Table 3
Agent framework post types on stack overflow.
 Main categories % How % Why % What % Other 
 Prerequisites 66.3 24.6 7.1 2.1  
 Development 73.2 14.0 11.5 1.4  
 Data Management 70.0 19.9 9.5 0.6  
 Integration 72.5 18.2 8.1 1.2  
 Agentic Frameworks (all) 71.1 18.3 9.3 1.2  
attract the highest average views (3350). This suggests that setup chal-
lenges, while not frequently discussed, are highly visible and broadly 
relevant to the community. Its significance likely stems from the fact 
that environment and dependency issues often serve as blocking prob-
lems; even a single unresolved setup error can completely impede 
progress, leading practitioners to actively search for remedies. Within 
the Development category, which accounts for 28% of all posts, the 
topic Framework Libraries & Methods attains the highest average score 
(1.86). This pattern suggests that after overcoming initial setup chal-
lenges, practitioners place greater value on practical, peer generated 
guidance about specific frameworks than on standard documentation. 
Together, these trends point to a layered model of engagement: prac-
titioners first concentrate on resolving common prerequisite issues 
and then shift toward acquiring more specialized knowledge within 
framework related topics.

3.2. RQ2: What types of questions are practitioners asking when 
working with existing agentic frameworks?

Motivation: Understanding the challenges practitioners face with 
agentic frameworks requires more than merely identifying popular 
topics. By examining the specific questions practitioners ask, we can 
gain insight into the practical difficulties they encounter while using 
agentic frameworks. Previous studies have indicated that the types 
of questions, such as ‘‘how’’, ‘‘why’’, or ‘‘what’’ often reflect differ-
ent stages or kinds of problems practitioners encounter during their 
workflows [18,44]. Therefore, studying the patterns in these questions 
enables the community to uncover the specific difficulties practitioners 
encounter when using agentic frameworks.

Approach: To analyze discussions around agentic frameworks, we 
randomly sampled posts from each of the four major categories identi-
fied in RQ1. This approach allowed us to review a manageable subset of 
the dataset while ensuring representative coverage across all categories. 
The sample sizes for each category were determined to meet a 95% 
confidence level with a 1.5% margin of error. Our random sample 
yielded a total of 1767 posts, comprising 240 Prerequisites posts, 
497 Development posts, 516 Data Management posts, and 514
Integration posts. Each post in the sample was independently 
reviewed by two authors, who assigned labels based on the following 
predefined question type categories:

• How: This category included posts where practitioners focused on 
the procedure or method needed to achieve a specific outcome. 
These questions typically outlined a goal and sought practical 
steps for implementation (e.g., ‘‘How to save history and restart 
a chat from last point in Langchain with Ollama?’’).

• What: This category represented questions that requested factual 
information or clarification. Practitioners raised these questions 
to better understand framework concepts, components, or defi-
nitions, which in turn supported more informed design choices 
(e.g., ‘‘In LangChain, what is an example conversation used for?’’).

• Why: Posts in this category were concerned with the underlying 
cause or rationale for a given behavior. They often emerged from 
troubleshooting scenarios, where the author expected an explana-
tion for unexpected outcomes. (e.g., ‘‘Why does LangChain agent 
return the action input instead of running it?’’).
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• Other: Posts that did not align with the three categories above 
were grouped in this category (i.e., ‘‘Other’’ category). These were 
often more open-ended, opinion seeking, or otherwise ambiguous 
in intent (e.g., Design Patterns).

To evaluate the consistency of our labeling process, we applied 
Cohen’s Kappa, a statistical measure of inter-rater agreement that ac-
counts for chance alignment. Overall, our agreement rate (𝜅 = 0.90) 
reflected a strong level of consistency across both authors. For cases 
where no consensus was initially reached, the annotators engaged in 
follow up discussions until a shared decision was made. Finally, we 
conducted a verification step, reviewing the titles and bodies of the 
sampled posts to confirm their assigned categories.

Results: Table  3 summarizes the distribution of question types 
across the four major categories of agentic framework posts. Overall, 
a majority of posts (71.1%) were categorized as the ‘‘How’’ type, 
indicating that practitioners primarily sought practical guidance and 
procedural steps for implementing and utilizing agentic frameworks. 
‘‘Why’’ questions made up 18.3% of the posts, reflecting troubleshoot-
ing concerns and requests for explanations of unexpected behaviors. 
Posts categorized as ‘‘What’’ represented 9.3%, showing a smaller but 
notable need for factual information or clarification.

When examining specific categories, Development posts exhibited 
the highest proportion of ‘‘How’’ questions (73.2%), which highlighted 
the strong demand for step-by-step implementation support during the 
development of LLM-based agents. Prerequisites posts showed 
the highest proportion of ‘‘Why’’ questions (24.6%), suggesting that 
practitioners frequently encountered unexpected issues related to en-
vironment setup, dependencies, or configuration before they began 
core development. The highest rate of conceptual questions (‘‘What’’) 
was also found in the Development category (11.5%). This finding 
aligns with the notion that as practitioners actively build features, they 
require frequent clarification on the available components, definitions, 
or conceptual boundaries of the framework, which is critical for making 
informed design choices.

3.3. RQ3: Which topics present the greatest difficulty for practitioners 
to respond to effectively?

Motivation: After identifying the prevalent topics and the types of 
questions they included, we set out to assess the difficulty of responding 
to posts across these topics. Understanding which posts were more 
challenging to address provides valuable insights into the current gaps 
in community knowledge, documentation and available resources. By 
examining the difficulty of questions across different topics, we aim 
to pinpoint areas where practitioners encountered the most significant 
obstacles.

Approach: To assess the difficulty of questions within each topic, 
we adopted two measures commonly utilized in prior research [20,45,
46]:

1. Unresolved Posts (% without accepted answers). This metric 
captured the proportion of posts in a topic that lacked an ac-
cepted answer. Because only the original author of the post can 
mark a solution as accepted, a higher percentage of unresolved 
posts indicated greater difficulty in addressing questions within 
that topic.
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Table 4
Difficulty metrics by dominant topic (Sorted by % w/o Accepted Answer).
 Topic % w/o accepted answer Median time to answer (Hrs.) 
 LLM Execution & Runtime Issues 86.24 21.35  
 Vector DB Operations 86.13 100.34  
 Advanced Chain Usage & Asynchronous Operations 85.64 19.16  
 Text & Embedding Pipelines 84.34 14.98  
 Memory & Context Retrieval 83.78 41.38  
 Model Deployment 83.24 39.51  
 Output & Token Management 82.89 11.26  
 Multi-Input & Template Handling 82.72 25.82  
 Framework Libraries & Methods 82.58 12.92  
 Agent Orchestration 82.04 31.87  
 Document Parsing/Indexing 81.63 20.80  
 API Usage 80.43 14.40  
 Resource Configuration & Management 80.00 20.83  
 Environment & Dependency Issues 76.36 22.61  
Table 5
Spearman correlation of difficulty versus popularity of topics.
 Correlation coeff. Avg. views (𝑝-value) Avg. score (𝑝-value) 
 % Without Accepted Answer 0.345 (0.227) −0.122 (0.679)  
 Median Time to Answer (Hrs.) 0.314 (0.274) −0.462 (0.096)  
2. Median Time to Get an Accepted Answer (hours). This mea-
sure reflected the typical amount of time it took for a post to 
receive an accepted solution. We computed the interval between 
when the question was asked and when the accepted answer was 
submitted (not when it was later marked as accepted). Longer 
delays suggested that the question posed more of a challenge 
for the community.

To ensure a fair and reliable comparison of response times, consis-
tent with prior Stack Overflow studies, we exclude posts created within 
the median response time window (21.39 h), as these posts have not 
yet had sufficient opportunity to receive answers. This step mitigates 
right censoring effects, where recent posts may appear unresolved 
or associated with longer response times simply due to insufficient 
observation time. Such an approach aligns with prior work in empirical 
software engineering [20,47–49], where response time statistics are 
computed on posts with adequate exposure or conditioned on resolved 
questions to ensure meaningful latency measurements.

Results: Table  4 presents the results of topic difficulty across agen-
tic framework topics. From the table, we observe that a large share of 
posts related to agentic frameworks remain unresolved, and accepted 
answers often take substantial time to arrive. Across most topics, more 
than 80% of questions have no accepted solution, with the highest share 
observed in LLM Execution and Runtime Issues at 86.2%. This value is 
computed over the full curated dataset.

To better understand the reasons behind this high rate of unre-
solved questions in LLM Execution and Runtime Issues, we conducted 
a qualitative analysis on a randomly sampled set of 100 posts without 
accepted answers. The sample reveals consistent patterns across posts. 
Many questions lack critical information, such as library versions, 
environment configurations, or complete error traces, which limits 
reproducibility. In addition, a large portion of posts involve highly cus-
tomized pipelines with unique combinations of prompts, tools, vector 
stores, and model parameters, making the issues tightly coupled to 
individual codebases.

We also observe that many questions are affected by rapid API 
evolution and version mismatches across frameworks, particularly in 
ecosystems such as LangChain, where breaking changes are frequent. 
Furthermore, several posts do not include minimal reproducible exam-
ples or present overly broad or multi-component code, which obscures 
the root cause of the issue. Finally, a subset of questions involves 
niche or less widely adopted tools, further reducing the likelihood of 
receiving timely and accurate responses.
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In terms of responsiveness, the longest median time to receive an 
accepted answer was observed in Vector DB Operations, at 100.3 h. 
This value was a clear outlier compared to other topics, which gen-
erally ranged from 11 to 40 h. We hypothesize that this outlier is 
linked to the infrastructure dependent and opaque nature of vector 
database issues. Reproducing these failures often requires access to 
the original environment, including the vector database setup, the 
embedding model used to generate vectors, and in many cases the 
underlying dataset. Vector DB retrieval behavior depends heavily on 
these components [50,51]. This high barrier to reproduction leaves 
such questions to a smaller pool of specialized experts and thereby 
prolonging the time to resolution.

Other topics with notable delays included Memory & Context Re-
trieval (41.4 h) and Model Deployment (39.5 h). Posts concerning Mem-
ory & Context Retrieval [52,53] often hinge on how context windows, 
chunking strategies, and caching mechanisms are implemented within a 
specific codebase. Diagnosing such issues typically requires understand-
ing not only the framework’s API but also how memory is persisted 
across sessions, streaming callbacks, and concurrent executions [54]. 
Together, all of these factors raise the level of expertise needed to 
provide effective support. Furthermore, prior work [55–57] has also 
highlighted similar long standing challenges associated with maintain-
ing reliable and interpretable memory components in agentic systems, 
which helps explain why these issues continue to be difficult to resolve 
in practice.

For Model Deployment, posts tend to be difficult to answer because 
they often depend on the user’s exact deployment configuration in-
cluding the underlying framework, cloud platform, model serving API 
and containerized environment [52,53]. This high degree of environ-
ment specific variability limits the number of contributors who can 
confidently diagnose the problem, contributing to the longer time to 
resolution.

Conversely, some topics received relatively faster responses from 
the Stack Overflow community, suggesting that greater familiarity with 
the subject matter reduced resolution time. For example, Framework 
Libraries & Methods and Output & Token Management had median times 
to answer of 12.92 h and 11.26 h, respectively. These topics typically 
involve practical, well understood tasks, such as implementing stan-
dard framework routines, handling API outputs, or managing tokens 
efficiently. Their comparatively shorter response times suggested that 
these topics required less domain expertise to address, in contrast 
to more specialized areas like vector database operations or memory 
retrieval.
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Fig. 2. Evolution of stack overflow posts per year.
To examine the relationship between topic difficulty and popularity, 
we computed Spearman Rank Correlation coefficients, as summarized 
in Table  5. Overall, the results indicated only weak associations be-
tween the difficulty metrics (percentage of unresolved posts and me-
dian time to answer) and the measures of popularity (average views and 
average score). Since all correlations had 𝑝-values greater than 0.05, 
none of these associations were statistically significant. These findings 
suggest that the most challenging topics were not necessarily the most 
visible or highly rated within the Stack Overflow community.

4. Discussion & implications

In this section, we discuss the evolving role of Stack Overflow in 
the age of AI, analyze framework-specific challenges, changes in topic 
resolution difficulty over time, and patterns observed in the LangChain 
community forum. In addition, we discuss the implications of our 
results.

4.1. The evolving role of stack overflow in the age of AI

The emergence of LLMs such as ChatGPT has reshaped how practi-
tioners seek and exchange programming knowledge. As conversational 
systems became capable of generating code and answering routine 
questions, many speculated that community driven Q&A platforms 
like Stack Overflow were losing relevance. To investigate this, we 
analyzed posts created by software practitioners on Stack Overflow. 
Fig.  2 shows the number of posts published each year from 2008 to 
2024. From the figure, we observe that overall posting volume declined 
from approximately four million posts in 2020 to three million in 
2022. This downward trend became even more pronounced after the 
release of ChatGPT, with monthly posts falling from about 1.5 million 
in November 2022 to roughly 700,000 in 2024.

However, a different pattern emerges when examining posts related 
to agentic frameworks. In our analysis, questions involving frameworks 
such as LangChain, AutoGen, and CrewAI have risen steadily. This 
trend is almost entirely a post-2022 phenomenon: fewer than ten posts 
appeared in 2022, yet the number rose to 1049 in 2023 and then 
to 1274 in 2024. This surge indicates that while Stack Overflow is 
receiving fewer routine questions, it is becoming more important as a 
specialized venue for resolving complex issues associated with rapidly 
evolving AI tooling.

Recent research provides broader evidence of this shift in platform 
usage. Prior work [58,59] shows that while overall activity on Stack 
Overflow has declined, the remaining questions have become more 
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complex and technical. Helic et al. [58] conclude that practitioners now 
rely on Stack Overflow for more advanced and larger scale issues, while 
delegating routine tasks to generative AI.

Complementing this, Zhong and Wang [60] demonstrate that LLM 
generated code is not consistently robust or reliable in practice and can-
not fully replace community driven platforms such as Stack Overflow. 
Kabir et al. [61] further quantify these limitations by evaluating 517 
programming questions and finding that 52% of ChatGPT responses 
contained incorrect information, 77% were overly verbose, and 78% 
contradicted human generated solutions. The majority of these errors 
stemmed from misapplied framework behaviors or references to non-
existent APIs. Compounding this problem, 39% of users failed to detect 
the inaccuracies because the responses appeared fluent and confident.

These findings are further supported by recent industry evidence 
from the Stack Overflow Developer Survey 2025 [62], which collected 
responses from more than 32,000 developers. Notably, approximately 
35% of developers report that their visits to Stack Overflow are driven, 
at least in part, by challenges related to AI systems. The survey also 
reports that more developers distrust the accuracy of AI tools (46%) 
than trust them (33%). In addition, 66% of developers identify ‘‘AI 
solutions that are almost right, but not quite’’ as a primary frustration, 
and 45% report that debugging AI-generated code can be more time 
consuming. Notably, 75% of respondents indicate that even in a future 
with advanced AI, they would still prefer to consult a human when they 
do not trust AI-generated answers. These findings reinforce the contin-
ued importance of human expertise and community driven platforms 
in supporting software development.

Furthermore, these limitations are amplified in the fast moving 
ecosystem of agentic frameworks [13,63,64], where libraries evolve 
rapidly and introduce frequent changes. In such settings, prior work 
shows that LLM generated code often fails to remain reliable in non 
trivial and evolving development scenarios. This is partly due to the 
reliance of LLMs on static training data and limited runtime context, 
which can result in outdated or incomplete guidance. As a result, 
developers often complement AI assisted development with community 
validated and up to date sources when addressing complex or evolving 
issues.

Our analysis of Stack Overflow posts reflects these same limitations. 
Many unresolved questions involve issues such as agent orchestra-
tion failures, runtime dependency management, tool integration, and 
vector database inconsistencies. These problems cannot be reliably 
addressed by generative AI alone, as they often require real time 
debugging, environment specific configuration, and an understanding 
of interactions across multiple system components. Consistent with this, 
over 80% of posts in most topics lacked an accepted answer, and 
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Table 6
Proportion of posts per topic by framework.
 Topic name Autogen CrewAI LangChain Dominant framework 
 Agent Orchestration 10.0% 29.2% 7.5% CrewAI  
 Framework Libraries 20.0% 4.2% 5.7% Autogen  
 LLM Execution & Runtime Issues 10.0% 16.7% 8.0% CrewAI  
 Multi-Input & Template Handling 14.0% 8.3% 7.3% Autogen  
 API Usage 12.0% 0.0% 5.9% Autogen  
 Memory & Context Retrieval 0.0% 8.3% 8.7% LangChain  
 Environment & Dependency Issues 8.0% 8.3% 8.4% LangChain  
 Model Deployment 8.0% 8.3% 7.2% CrewAI  
 Document Parsing 8.0% 4.2% 7.7% LangChain  
 Output & Token Management 4.0% 0.0% 7.6% LangChain  
 Advanced Chain Usage 0.0% 4.2% 7.2% LangChain  
 Vector DB Operations 4.0% 4.2% 6.7% LangChain  
 Text & Embedding Pipelines 2.0% 0.0% 6.6% LangChain  
 Resource Configuration 0.0% 4.2% 5.5% LangChain  
categories such as Vector DB Operations exhibited median response 
times exceeding 100 h. These long delays highlight the complexity 
of debugging agentic systems that depend on evolving libraries, in-
tricate configuration patterns, and diverse execution environments. 
In such contexts, practitioners continue to rely on Stack Overflow 
for reproducible and experience grounded insights that complement 
documentation and current AI based tools.

4.2. Framework specific challenges

To investigate whether practitioners face platform-specific chal-
lenges, we conducted a framework-specific analysis to examine the 
distribution of challenge topics across LangChain, AutoGen, and Cre-
wAI. Specifically, leveraging the LDA output, we assigned each post 
to its dominant topic, identified the associated framework based on 
tags, titles, and post content, and compared normalized topic distri-
butions across frameworks. This analysis reveals distinct patterns in 
the types of challenges practitioners encounter across these frame-
works. Table  6 summarizes the proportion of posts per topic for each 
framework, highlighting framework-specific patterns in practitioner 
difficulties. Percentages reflect the proportion of posts for each chal-
lenge topic within each framework, with a total of 2374 posts for 
LangChain, 24 posts for CrewAI, and 50 posts for AutoGen.

As shown in Table  6, multi-agent coordination challenges, captured 
under Agent Orchestration, are particularly prominent in CrewAI posts 
at 29.2%, compared to 10% in AutoGen and 7.5% in LangChain. 
This suggests that CrewAI users are more frequently exposed to com-
plex orchestration scenarios requiring coordination between multiple 
agents. This trend likely reflects the framework’s role-based design 
pattern, which requires developers to explicitly define hierarchies and 
process flows, thereby increasing the complexity of task delegation and 
inter-agent communication logic.

In contrast, AutoGen posts show a higher prevalence of Framework 
Libraries at 20% and Multi-Input and Template Handling at 14%. This 
indicates that library integration and template management are the 
primary technical hurdles for AutoGen practitioners. These findings 
point toward a development experience characterized by configuration 
complexity, where challenges arise from managing framework-specific 
abstractions and class structures rather than the agentic logic itself. This 
is consistent with documentation challenges noted in recent literature 
on large language model frameworks, where highly abstract configu-
rations often lead to integration errors and syntax-related bottlenecks 
during initial setup.

For LangChain, Memory and Context Retrieval issues are more 
prominent at 8.7%, highlighting the difficulty of maintaining state and 
context continuity. Because LangChain is a modular ecosystem with 
numerous decentralized components, developers frequently encounter 
challenges in ensuring data flows correctly between decoupled chains. 
Unlike challenges driven by coordination in CrewAI or those driven by 
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configuration in AutoGen, LangChain users face a broader distribution 
of issues across the entire stack.

Overall, these findings suggest that practitioner challenges are 
shaped by both framework design and adoption scale. These insights 
highlight the need for framework-specific documentation and tooling 
by project maintainers, as different frameworks expose distinct chal-
lenges such as orchestration, memory management, and integration 
complexity. Providing targeted support can help practitioners bet-
ter navigate these framework-specific difficulties and reduce common 
implementation errors.

4.3. Temporal evolution of topic resolution difficulty

To examine whether certain topics are becoming easier or harder to 
resolve over time, we analyzed median resolution times (in hours) for 
posts across 2023 to 2025. Each topic was measured by the median 
time to receive an accepted answer, providing a precise indicator 
of resolution difficulty. Vector DB Operations was selected as a case 
study due to its consistently high median resolution times, which are 
often caused by infrastructure-dependent and opaque issues, including 
reliance on the original database environment, embedding model, and 
dataset.

Across topics, we observe substantial variation in resolution diffi-
culty, as seen in Table  7. For Vector DB Operations, median resolution 
time increased sharply from 14.5 h in 2023 to 121.8 h in 2024, and 
further to 270.1 h in 2025, as shown in Table  7. This trend suggests 
that as the topic became more widely adopted, the combination of 
environment specific dependencies, complex model integrations, and 
evolving embedding methodologies led to increasingly prolonged res-
olution times [65,66]. These failures often stem from infrastructure 
dependent variables, such as semantic drift between evolving embed-
ding models and legacy datasets, or opaque environment-specific de-
pendencies that elude standard troubleshooting. This trend aligns with 
recent observations in LLM observability research, which notes that 
as developers move beyond simple proof-of-concepts, they encounter 
increasingly complex challenges regarding retrieval precision and long-
term memory consistency in fragmented database environments [67–
69].

Similarly, Multi-Input & Template Handling also shows a dramatic 
increase in 2025, reaching 572 h (Table  7), highlighting emerging chal-
lenges in constructing and managing agentic workflows. This increase 
suggests an emerging bottleneck in the construction of sophisticated 
agentic workflows. As developers move toward nested, multi-modal 
templates and dynamic prompt injection, the state space for potential 
errors expands exponentially. Unlike earlier iterations of prompt engi-
neering, these multi-input failures often lack clear error logs, forcing 
developers into prolonged trial-and-error cycles.

In contrast, the data for Agent Orchestration provides evidence of 
successful pattern maturation, with resolution times dropping precip-
itously from 96.9 h in 2023 to just 1.3 h in 2025, as seen in Table 
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Table 7
Median resolution times (in hours) across topics from 2023 to 2025.
 Topic 2023 2024 2025  
 API Usage 28.8 14.4 32.8  
 Advanced Chain Usage 21.5 15.8 16.3  
 Agent Orchestration 96.9 42.5 1.3  
 Document Parsing 21.3 13.5 134.8 
 Environment & Dependency Issues 36.4 14.3 72.9  
 Framework Libraries 22.5 26.1 29.2  
 LLM Execution & Runtime Issues 77.0 14.7 16.9  
 Memory & Context Retrieval 37.9 57.9 22.5  
 Model Deployment 81.1 25.8 189.5 
 Multi-Input & Template Handling 12.1 25.8 572.0 
 Output & Token Management 12.4 9.8 8.1  
 Resource Configuration 33.7 13.0 109.9 
 Text & Embedding Pipelines 8.6 18.4 25.3  
 Vector DB Operations 14.5 121.8 270.1 
7. This rapid improvement likely reflects the community’s convergence 
on standardized orchestration patterns. The emergence of high-level li-
braries has effectively codified previously erratic multi-agent behaviors 
into predictable, documented state machines.

Overall, the temporal analysis highlights that resolution difficulty 
does not evolve uniformly across topics. Some topics exhibit increasing 
challenge over time, while others show fluctuations that may reflect 
changes in community familiarity, framework updates, or feature adop-
tion, as summarized in Table  7. Vector DB Operations and Multi-Input 
& Template Handling stand out as consistently high-difficulty topics 
within this period.

4.4. LangChain community forum analysis

To understand the nature of developer discussions within the
LangChain ecosystem, we conducted an empirical analysis of posts from 
the official community forum, enabling us to compare these patterns 
against a broader general purpose developer platform. LangChain was 
selected due to its broad adoption and active ecosystem, as indicated by 
its extensive developer base (over 80 million monthly downloads) [70] 
and high community engagement, including more than 90,000 GitHub 
stars. As of March 26, 2026, the LangChain community forum contains 
1277 posts across its active tags. The forum organizes discussions 
using a tag-based system, where tags are assigned by contributors and 
maintainers to reflect different aspects of developer activity.

The available tags include python-help (686 posts), which primarily 
captures implementation-related issues in Python workflows; js-help
(147 posts), which focuses on JavaScript integrations and front-end 
concerns; intro-to-langgraph (138 posts), which covers questions re-
lated to understanding and adopting LangGraph-based agent work-
flows; and cloud (93 posts), which includes deployment, hosting, and 
infrastructure-related discussions. Additional tags include self-hosted
(84 posts), which relates to running LangChain systems in custom 
environments; product-feedback (40 posts), which includes user sugges-
tions, feature feedback, and general opinions about the framework;
langsmith-studio (31 posts), which focuses on tooling, observability, 
and debugging support provided by LangSmith; ambient-agents-with (16 
posts), which relates to experimental or emerging agent-based setups 
and configurations; feature-request (14 posts), which captures requests 
for new functionality or enhancements; intro-to-langsmith (13 posts), 
which includes onboarding and introductory discussions related to 
LangSmith tools; hybrid (2 posts), which involves mixed deployment or 
architectural setups combining multiple environments or approaches; 
and guidelines (1 post), which includes forum usage instructions and 
administrative guidance.

To focus on practitioner-relevant technical challenges, we excluded 
posts associated exclusively with tags such as product-feedback, feature-
request, and guidelines, as these primarily relate to user feedback or fo-
rum administration rather than development issues. Since posts may be 
associated with multiple tags, we ensured that each post was counted 
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only once within the retained set, resulting in a dataset of 922 unique 
posts.

We then analyzed this dataset using the same approach applied 
to the Stack Overflow data. Specifically, we used LDA to uncover 
latent topics by grouping posts with similar word usage patterns, 
and subsequently mapped these topics to the 14 predefined challenge 
categories. To ensure the validity of this mapping, the first two authors 
independently reviewed the topic outputs by examining both the top 
keywords and a random sample comprising 50% of posts within each 
category. Discrepancies were discussed and resolved through consen-
sus, leading to the final set of topic labels and category assignments. 
Table  8 presents the distribution of LangChain forum posts across the 
challenge categories.

The distribution of posts across categories is presented in Table 
8. The results indicate a clear concentration in a few dominant ar-
eas, with Framework Libraries & Methods (27.3%) and Advanced
Chain/Workflow Usage (23.0%) accounting for more than half of 
the posts. These are followed by Agent Orchestration (10.6%), API 
Usage (8.35%), and Model Deployment (6.4%), while other cate-
gories appear less frequently. This pattern suggests that discussions on 
the LangChain forum are largely centered around framework usage, 
workflow construction, and coordination of agent behavior during 
development.

A likely explanation for this concentration is the nature of the 
forum itself, which is closely tied to an actively evolving framework. 
Developers using such platforms are often engaged in building or 
experimenting with applications, and therefore tend to seek guidance 
on composing workflows, understanding abstractions, and integrating 
components. As a result, discussions are more focused on usage patterns 
and design considerations than on lower-level system issues.

In contrast, the Stack Overflow results presented earlier show a 
more evenly distributed set of challenges, with prominent categories 
including Agent Orchestration (11%), LLM Execution & Runtime Is-
sues (10%), Environment & Dependency Issues (10%), and Memory 
& Context Retrieval (10%). Compared to the LangChain forum, Stack 
Overflow contains a greater proportion of posts related to debugging, 
runtime failures, and environment configuration. This difference likely 
reflects the broader scope of Stack Overflow, where developers seek 
assistance with well-defined and reproducible issues across diverse 
environments.

Overall, while the LangChain forum highlights challenges related 
to framework usage and workflow design, Stack Overflow captures 
a wider range of system-level and debugging concerns. Despite these 
differences, both platforms consistently surface core challenges such 
as agent orchestration, API integration, and workflow construction, 
suggesting that the patterns identified in our study generalize beyond 
a single platform.
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Table 8
Proportion of LangChain forum posts per category.
 Category Number of posts Percentage (%) 
 Framework Libraries & Methods 252 27.33  
 Advanced Chain Usage 212 22.99  
 Agent Orchestration 98 10.63  
 API Usage 77 8.35  
 Model Deployment 59 6.40  
 Environment and Dependency Issues 55 5.97  
 LLM Execution & Runtime Issues 46 4.99  
 Output & Token Management 38 4.12  
 Memory & Context Retrieval 34 3.69  
 Vector DB Operations 17 1.84  
 Multi-Input & Template Handling 11 1.19  
 Resource Configuration 13 1.41  
 Text & Embedding Pipelines 7 0.76  
 Document Parsing 3 0.33  
 Total 922 100  
4.5. Implications

The analysis of our study regarding developer challenges with agen-
tic frameworks carries broader implications for how these systems are 
designed, adopted, and taught. By examining these challenges, we can 
begin to see patterns that reveal opportunities for improving tools, 
practices, and education.

To illustrate these patterns, Fig.  3 presents a bubble chart map-
ping each topic by popularity and difficulty. Each bubble represents 
a topic, and its size reflects how many posts fall within that category. 
The horizontal axis reflects difficulty, measured by the percentage of 
posts without accepted answers, while the vertical axis shows popu-
larity, measured by average view counts. Together, the elements of 
the chart highlight which topics are widely discussed, which remain 
stubbornly unresolved, and where attention might be most needed. This 
perspective can guide the community in aligning research, practice, 
and education to support the sustainable growth of agentic software 
development.

Implications for Practitioners: Our findings, as depicted in Fig.  3, 
provide a roadmap for practitioners to prioritize efforts and allocate 
resources effectively. Fig.  3 highlights that LLM Execution & Runtime 
Issues, Vector DB Operations, and Advanced Chain Usage & Asynchronous 
Operations represented the most difficult topics, with a high proportion 
of posts lacking accepted answers. These problems are often context 
dependent and cannot be easily resolved through standard documenta-
tion. For example, runtime issues may stem from hardware constraints, 
incompatible framework versions, or subtle bugs in agent orchestration. 
We recommend that practitioners incorporate practical debugging util-
ities, standardized execution procedures, and lightweight monitoring 
dashboards directly into their development workflows because these 
issues are highly context dependent and often difficult to diagnose 
without targeted support. These tools can help teams quickly pinpoint 
runtime failures, surface configuration issues, and trace agent interac-
tions in real time, reducing downtime and improving the reliability of 
deployed systems.

In contrast, Environment & Dependency Issues emerged as the most 
popular topic, reflected in their high average view counts. Practitioners 
frequently encountered challenges related to setting up correct runtime 
environments, managing package dependencies, or resolving conflicts 
between library versions. Interestingly, despite their popularity, these 
issues were comparatively less difficult than others; yet they remained 
significant, as 76% of posts still lacked an accepted answer. This 
indicates that solutions exist but are fragmented or hard to find. We 
recommend that practitioners create centralized, comprehensive doc-
umentation outlining setup steps, common pitfalls, and recommended 
configurations. They could also develop automated environment man-
agement tools, such as scripts or containerized setups that handle 
dependencies, version conflicts, and runtime configurations, thereby 
reducing manual troubleshooting.
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Moreover, Agent Orchestration accounted for the largest volume of 
posts, as seen in Fig.  3, emphasizing the operational importance of 
multi agent coordination. To reduce repetitive troubleshooting and 
accelerate development cycles, practitioners could provide templates, 
best practice guidelines, or pre-built orchestration patterns.

Implications for Researchers: The academic community can lever-
age our findings to focus their research effort on the most challeng-
ing aspects of agentic frameworks. Topics such as LLM Execution,
Vector DB operations, and Advanced Chain Usage & Asynchronous Op-
erations remained particularly difficult in our analysis, highlighting 
areas where current frameworks are either insufficiently expressive or 
inadequately documented. These challenges suggest a need for stan-
dardized interfaces, methods to optimize runtime performance, and 
formal approaches to asynchronous task handling in multi-agent sys-
tems. Furthermore, the high volume of questions regarding agent or-
chestration indicates a gap in the available abstractions and models 
for managing inter-agent communication and dependencies. Future 
research could investigate patterns in orchestration failures, propose 
architectural frameworks that simplify coordination, or develop formal 
verification methods to ensure correctness in complex agent interac-
tions. In particular, new architectural models could provide higher level 
abstractions that allow developers to specify agent goals and dependen-
cies declaratively, rather than manually wiring message passing, state 
transitions, and failure handling. Such frameworks would shift orches-
tration from procedural logic to structured execution models. These 
models would automatically manage tool invocation, resource sharing, 
and error recovery. Together, these features would help reduce brit-
tleness and improve reliability in deployment. Advancing research in 
these areas has the potential to make agentic frameworks more robust, 
accessible, and reliable for practitioners in real-world applications.

While the current study leverages posts authored by developers on 
Stack Overflow to capture real-world practitioner challenges, future 
work can complement this dataset with direct validation through struc-
tured surveys or interviews. Such approaches would provide additional 
confirmation of the findings and offer deeper insights into developer 
experiences. These studies would require ethical approval, participant 
recruitment, and careful planning, and are therefore considered as part 
of future research.

Implications for Educators: Educators can leverage these find-
ings to design curricula that closely reflect the challenges of develop-
ing with agentic frameworks. The majority of questions were catego-
rized as ‘‘How’’ posts, where practitioners sought step-by-step guidance 
to achieve specific goals. This suggests that students would benefit 
from experiential learning opportunities where they implement agen-
tic frameworks themselves, rather than only studying theory. Specif-
ically, students should gain hands on experience with frameworks 
such as LangChain, LlamaIndex, and AutoGen and be exposed to the 
common challenges practitioners face, including agent orchestration, 
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Fig. 3. Agentic framework topics’ popularity vs. difficulty.
memory and context retrieval, and framework environment issues. In-
struction should highlight strategies to mitigate these challenges, such 
as designing modular agent workflows, implementing robust memory 
management, and understanding framework specific constraints.

The Data Management category accounted for the largest share 
of posts, covering critical topics such as Memory & Context Retrieval,
Document Parsing/Indexing, and Vector DB Operations. This indicates that 
managing data and context is a central challenge for practitioners. 
Curricula should therefore move beyond basic agent design to em-
phasize advanced techniques for efficient data handling, retrieval, and 
memory management. Similarly, the prominence of environment and 
dependency issues highlights the importance of teaching foundational 
setup and configuration practices early in coursework, ensuring that 
students can navigate the practical complexities of agentic framework 
development effectively.

5. Related work

In this section, we present the studies related to the work that 
leverages and analyze Stack Overflow data to have more insights from 
developers perspectives and discuss in Agentic AI.

5.1. Agents and agentic frameworks

An agent is an autonomous system powered by a Large Language 
Model (LLM) that can perceive inputs, reason about tasks, and take 
actions to achieve specific goals [1]. Agents interact with their envi-
ronment by processing user inputs, maintaining context, and executing 
decisions through tools or external systems [71]. For example, an 
agent can receive a user query, retrieve relevant information from a 
database, reason about the task, and generate an appropriate response 
by invoking external tools or APIs.

Agentic frameworks are designed to support the development and 
orchestration of such agents. They provide abstractions that help de-
velopers manage the full agent lifecycle, including task decomposition, 
reasoning, tool execution, and coordination across multiple steps [13]. 
These frameworks simplify the process of building complex applications 
by handling common challenges such as prompt management, tool 
integration, and workflow control [72].

Several frameworks have emerged in this space. For example, 
LangChain provides modular components for chaining LLM calls, in-
tegrating external tools, and managing memory for context-aware 
interactions [73]. AutoGen focuses on multi-agent coordination, en-
abling agents to communicate, collaborate, and execute tasks through 
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structured interaction patterns [6], while CrewAI emphasizes role-
based agent orchestration through explicitly defined agent hierarchies 
and workflows [74]. These frameworks expose developers to differ-
ent types of challenges depending on their design, such as memory 
management, coordination complexity, and integration-related issues.

From a technical perspective, agentic frameworks define execution 
and interaction patterns that govern how agents are instantiated, inter-
act, and progress through tasks. These frameworks structure multi-step 
execution through control flow mechanisms, communication protocols, 
and lifecycle management [75]. Additionally, agentic frameworks also 
support integration with external systems and data sources, allowing 
agents to operate within complex and dynamic environments [76]. 
Together, these elements provide the foundation for building scalable 
and flexible agent-based systems.

5.2. Using stack overflow data

Prior work has examined Stack Overflow from multiple perspec-
tives, ranging from mapping broad developer discussions and
trends [77] to analyzing specific software engineering practices and 
methodologies [78]. In parallel, researchers have evolved topic mod-
eling techniques moving from standard LDA to hierarchical concept 
modeling [79] and semantic web approaches [80], while others have 
tuned LDA with algorithms to better surface security questions [81] and 
continuous integration trends [23]. Continuing this mindset, domain 
specific studies have applied similar methods to particular ecosystems: 
Rosen and Shihab [47] used topic modeling to categorize mobile 
development discussions, a domain further explored by Gurcan [82] 
and Alanazi and Alfayez [83] specifically for the Flutter framework; 
Zou et al. [84,85] analyzed non functional requirements through de-
velopers’ perspectives; Abdellatif et al. [20] studied chatbot develop-
ment challenges; Mahmood et al. [18] examined web services topics; 
and Haque et al. [46] documented Docker related issues. Further 
granular studies include Han et al. [86] regarding Deep Learning 
frameworks; Abid et al. [87] surfacing refactoring topics; Ahmed and 
Bagherzadeh [17] on concurrency; Şilbir [88] on bioinformatics code; 
and Bouaziz et al. [36], who applied BERTopic to unveil microservices 
deployment trends.

Prior studies have examined developer challenges in emerging tech-
nologies using Stack Overflow data. In chatbot development, chal-
lenges are primarily centered around integration and development 
tasks, such as API usage, messaging platform integration, and intent 
and entity management [20]. These issues largely focus on connecting 
components and managing conversational logic.
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In contrast, studies on challenges in developing machine learn-
ing applications highlight challenges related to data preprocessing, 
model deployment, and environment configuration [48]. These prob-
lems are often interdisciplinary and difficult to debug, as errors can 
propagate across stages. More recent Stack Overflow studies on large 
language models further identify limitations such as hallucinations, 
outdated knowledge, and difficulties handling complex frameworks and 
environment-specific configurations [89].

Unlike prior challenges in chatbots and machine learning systems, 
which primarily focus on integration, data processing, deployment, and 
the operationalization of single model pipelines, our findings show that 
agentic frameworks introduce a distinct set of challenges. These include 
multi-agent coordination (e.g., managing interactions and dependen-
cies between agents), persistent memory management (e.g., maintain-
ing and updating shared context over time), and dynamic workflow 
orchestration (e.g., handling non-deterministic execution paths and tool 
usage). These challenges arise from the system level complexity of 
agentic LLM applications, particularly the need to manage interac-
tions and dependencies across multiple agents over time. Together, 
they introduce new coordination, state, and workflow complexities, 
highlighting that agentic systems require design patterns and debug-
ging strategies not needed in chatbots or traditional machine learning 
applications [90,91].

To the best of our knowledge, there is no work that has studied 
the challenges practitioners face when using agentic frameworks. We 
believe that our study complements prior work on Stack Overflow by 
analyzing agentic related posts, systematically extracting and catego-
rizing discussion topics surrounding these frameworks. In addition, we 
explore the nature of these discussions by classifying them into the 
‘‘how’’, ‘‘what’’ and ‘‘why’’ types to better understand the underlying 
challenges developers face. Finally, we assess the difficulty of these 
topics by analyzing community responsiveness, specifically using the 
metrics of unresolved posts and time-to-answer. We believe that our 
work sheds light for the research community on the areas that require 
further investigation and where additional tooling, documentation, or 
research support could be most beneficial.

5.3. Challenges in agentic AI

Research into agentic AI systems has uncovered significant chal-
lenges ranging from foundational ethical concerns to intricate engi-
neering limitations inherent to agents. Hughes et al. [92] and Raza 
et al. [93] emphasize the critical need for robust governance frame-
works to address attribution, accountability, and security vulnerabili-
ties specifically within agent decision making processes, while Ranjan 
et al. [94] highlight the systemic risks of emergent bias and fairness 
propagation unique to multi agent systems. On the architectural front, 
Derouiche et al. [13] and Mascardi et al. [95] identify scalability, 
memory management for long term agent operation, and the lack of 
standardized inter agent communication protocols as primary barriers 
to engineering robust multi agent systems. These structural challenges 
are compounded by operational complexities; for instance, Epperson 
et al. [96] note the severe lack of tool support for reviewing and debug-
ging long, complex inter agent conversations, and Krishnan [97] points 
to context management across agents as a key bottleneck. Furthermore, 
the dynamic nature of agent interaction introduces unique risks: Tian 
et al. [98] and Hammond et al. [99] warn of miscoordination, collusion, 
and unforeseen adversarial behaviors arising between agents, while 
Han et al. [90] and Tran et al. [100] focus on the difficulties of op-
timizing task allocation among agents and fostering effective reasoning 
through agent debates. Finally, bridging the gap between autonomous 
agents and human users remains a distinct challenge, with Gal and 
Grosz [101] and Naik et al. [102] stressing the importance of design-
ing for effective mixed human–agent collaboration and maintaining 
appropriate oversight to balance agent autonomy with human control.
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Unlike prior work that focuses predominantly on the execution 
phases of agentic systems and analyzes deployed systems to under-
stand their limitations, our study is the first that primarily investi-
gates the challenges practitioners face before deployment. We examine 
real-world issues derived from Stack Overflow discussions of agentic 
frameworks. This pre-deployment perspective is important because it 
highlights obstacles that may hinder system construction and prepara-
tion for deployment, which are often overlooked in studies that focus 
only on post-deployment behavior.

6. Threats to validity

6.1. Internal validity

Our study relies on analyzing posts and discussions about agen-
tic frameworks, which introduces the possibility that some relevant 
content may have been overlooked or miscategorized. Prior software 
engineering studies on Stack Overflow have adopted tag-based fil-
tering as a practical and effective approach for constructing focused 
datasets [20–23]. These tags serve as a primary indicator of a post’s 
technical domain and are widely relied upon by practitioners to cate-
gorize and discover relevant content. While tag-based filtering ensures 
a manageable and focused dataset, it may exclude posts that use uncon-
ventional or emerging terminology not captured by the selected tags. 
Stack Overflow contains more than 60 million posts and approximately 
80 million comments, making exhaustive analysis computationally ex-
pensive in terms of time and resources. To mitigate potential omissions, 
we followed a multi-step approach. First, we systematically derived 
an initial set of general tags by requiring the co-occurrence of large-
language-model and agent. This combination was chosen for its high 
conceptual specificity to agentic LLM systems: using the tag large-
language-model alone would introduce noise from general LLM usage 
(e.g., prompt engineering), while agent alone often refers to unrelated 
software agents. Specific framework tags (e.g., LangChain or CrewAI) 
were considered, but they risked missing emerging frameworks and 
limiting the analysis to a single ecosystem. All authors discussed these 
alternatives and reached consensus on using the co-occurrence of both 
tags as the base for dataset construction. From this starting set, we 
extracted all co-occurring tags and applied a hybrid approach com-
bining quantitative thresholds (TRT and TST) with manual qualitative 
validation. Specifically, the first two authors reviewed samples of posts 
for each candidate tag to ensure relevance to agentic frameworks and 
reduce noise from unrelated topics. This process balances precision and 
coverage while maintaining a focused and reliable dataset. Future work 
can further complement this approach with semantic or embedding 
retrieval methods to capture a broader range of relevant discussions.

Additionally, determining the optimal number of clusters for topic 
modeling can influence the granularity of the topics extracted. We 
addressed this by testing multiple cluster sizes and evaluating their 
coherence to ensure that the resulting topics meaningfully represented 
discussions on agentic frameworks. Finally, labeling posts according 
to type is an inherently subjective process. To mitigate this, multiple 
authors independently classified the data, and interrater reliability was 
measured to ensure consistency across annotations.

6.2. Construct validity

Construct validity concerns whether the variables we measured 
truly reflected the challenges practitioners face with agentic frame-
works. Topic labels, for instance, may not perfectly capture the nuanced 
content of the posts. To minimize this issue, several authors inde-
pendently reviewed keywords and representative posts for each topic, 
followed by group discussions to reach agreement on meaningful labels. 
Metrics used to assess the complexity and popularity of issues were 
chosen based on prior research in software engineering, which helped 
ensure that they aligned with the theoretical constructs of developer 
challenges.
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6.3. External validity

Threats to external validity involve the extent to which our findings 
hold in other contexts. The generalizability of our findings is limited 
by the focus on a single platform. While other forums and developer 
communities, such as GitHub Discussions and Discord, may provide 
additional insights into agentic frameworks, we chose Stack Overflow 
because it attracts a wide range of practitioners and continues to host 
discussions on complex, high difficulty issues that go beyond what 
current LLM-based assistants can reliably address. Stack Overflow hosts 
over 24 million questions and remains widely used with 31 million 
registered users [103].

To mitigate this limitation, we complemented our analysis with an 
additional study of the LangChain community forum, which showed 
consistent patterns in the types of challenges developers encounter, as 
discussed in Section 4. Furthermore, we plan in the future to extend our 
study by incorporating multiple platforms, such as GitHub Discussions, 
Discord communities, and specialized forums, or by conducting surveys 
and interviews to capture a more comprehensive view of developer 
challenges. Such work could also explore how LLM-based assistance 
and community-driven platforms complement each other in practice.

7. Conclusion

In this study, we analyzed Stack Overflow posts to uncover the 
challenges practitioners face when working with agentic frameworks. 
We identified 14 topics of discussion across four main categories:
Configuration, Development, Data Management, and In-
tegration. Practitioners showed the greatest interest in questions 
about setting up the framework and managing its dependencies, while 
working with vector databases proved to be the most difficult topic. 
Furthermore, our analysis of question types revealed that a majority 
of posts (71.1%) were procedural ‘‘How’’ questions, underscoring the 
strong developer need for practical, step-by-step guidance. These chal-
lenges are not typical of traditional software development but arise 
from the unique complexities of agentic frameworks, where coordinat-
ing multiple agents and managing large, dynamic contexts introduce 
novel difficulties. Hence, there is a strong need for practical support, 
such as standardized execution workflows, debugging aids, and tools to 
simplify orchestration and data management, and tailored educational 
resources that provide practitioners with practical experience using 
these frameworks. Addressing these gaps would not only ease the learn-
ing curve for newcomers but also enable experienced practitioners to 
build more efficient and resilient agentic systems. Overall, our findings 
highlight the areas where the community can focus efforts to make 
agentic frameworks easier to adopt and more effective in practice. 
Future research could explore designing higher-level abstractions for 
agent orchestration, formal verification techniques to ensure correct 
interactions, and optimized methods for managing runtime execution 
and vector database operations. Investigating these areas could lead 
to frameworks that are more robust, less error-prone, and easier for 
practitioners to deploy effectively in complex, real-world scenarios.
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