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Conventional task-oriented chatbots frequently suffer from task incompletions
and low user satisfaction when handling complex queries. This research intro-
duces the complexity aware cascade, an adaptive architecture that improves user
service quality by dynamically matching query complexity with the appropri-
ate computational response. The system uses confidence and relevance scores
to intelligently route requests through a sequence of a natural language under-
standing (NLU) model, a retrieval-augmented generation (RAG) pipeline, or a
large language model (LLM). The tiered architecture was evaluated via a ran-
domized controlled trial (RCT) with 150 participants, measuring task success
and user satisfaction. The full cascade achieved a 90% journey completion rate,
representing a 92.3% improvement over baseline system and substantial gains
in SERVQUAL-based service quality scores. The experiment was conducted
in a domain-specific knowledge base (essential oils) with a convenience sam-
ple that does not represent the global population, and no real-time deployment
or long-term cost analysis was performed. Accordingly, the findings should
be interpreted as evidence of effectiveness in a limited setting rather than as
directly scalable to all domains. Even with these limitations, this
study provides arigorously tested blueprint for developing more robust
and user-centric conversational Al systems.
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1. INTRODUCTION

Conversational Al, particularly chatbots, has become a critical component of modern customer ser-
vice systems [1]-[3]. While effective at handling routine queries, conventional chatbots exhibit a significant
weakness: their inability to gracefully manage conversations outside their pre-defined training scope [4], [S].
This brittleness leads to high rates of conversational failure, user frustration, and ultimately, a negative im-
pact on customer satisfaction [6]. Existing literature of multi-stage systems, such as the static, keyword-based
clarification mechanism from Lautraite ef al. [7]], often lack dynamic, automated strategies. Frameworks like
PromptChainer [8]], for instance, show the potential of chaining LLMs but require manual programming. This
reveals a research gap for an intelligent architecture that automatically manages conversational complexity to

improve user outcomes [9], [10].
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Prior studies on customer-service chatbots have focused primarily on how interaction quality and in-
terface design driver user satisfaction, often treating the underlying system architectures as a “’black box”.
Research by Adam et al. [1] and Hsu and Lin [11]] demonstrates how perceived service quality, social pres-
ence, and conversational quality influence user compliance and loyalty, while other work examines the roles of
anthropomorphism and personality in user management [3]], [S]], [6], [10]], [12]-[15]. However, these studies
typically implement conversational engines as single stage systems, leaving architectural choices such as multi-
stage routing, retrieval augmentation, and LLM integration largely unevaluated as primary determinants of user
experience. Systematic reviews further highlight a concentration on technical performance or heterogeneous
satisfaction scales, with limited attention to how specific architectural configurations affect perceived service
quality. This highlights a lack of controlled experiments that jointly analyze task success, service quality per-
ceptions, and system latency across alternative system designs [2[], [4], [9], [L6].

Architecturally, the proposed complexity aware cascade (CAC) builds on prior multi-stage conver-
sational systems and retrieval-augmented language models. While existing frameworks demonstrate that de-
composing complex queries into stages improves answer quality and tools like PromptChainer enable complex
applications through prompt-chaining [7], [8], these approaches often rely on fixed routing logic or manual con-
figuration. Similarly, models such as RAG and REALM show how significant performance gains in knowledge-
intensive tasks, yet they are typically evaluated using technical benchmarks rather than human-centered service
quality [17]], [18]. This study addresses these gaps by operationalizing a CAC that integrates RASA, RAG,
and LLM into a dynamic pipeline, linking objective journey completion rates (JCR) and response times to
SERVQUAL-based user satisfaction. Our results indicate that routing medium and high complexity queries
through deeper architectural stages improves both JCR and perceived service quality compared to single-stage
baselines. The LLM stage primarily enhances user experience rather than providing statistically significant
gains in task completion.

In this context, user experience extends beyond task completion, as prior research demonstrates that
perceived service quality encompassing reliability, responsiveness, assurance, and empathy is a vital predictor
of satisfaction, trust, and continued use. These findings align with the broader service-quality literature where
SERVQUAL-inspired scales are used to quantify technology-mediated services and explain outcomes such as
loyalty and compliance [6]. Motivated by this body of work, the present study adopts a SERVQUAL-based
instrument to evaluate the chatbot as a service interface, measuring success by how well it manages expecta-
tions, uncertainty, and trust alongside task success. This paper contributes by proposing the Complexity Aware
Cascade architecture for adaptive query routing based on complexity and safety constraints, implementing
an end-to-end prototype using RASA, a grounded RAG pipeline, and a safety-conscious LLM as a cost-aware
”gatekeeper”, and conducting a randomized controlled trial with 150 participants to compare three architectures
(NLU-only, NLU+RAG, and CAC with LLM). Finally, we analyze the trade-offs between task completion, user
satisfaction, safety, and computational cost, demonstrating that while the LLM stage primarily enhances user
experience rather than raw task success, it provides a validated blueprint for building more effective, trust-based
conversational Al [[12[]-[19].

2. PROPOSED COMPLEXITY AWARE CASCADE ARCHITECTURE

The CAC architecture is designed to manage conversational workflows by matching query complexity
with the appropriate level of computational power [15]. The CAC consists of three sequential stages, orches-
trated by a dynamic routing logic.

2.1. Architecture stages

Stage 1: Specialized NLU (RASA). The first stage acts as a fast, computationally inexpensive gate-
keeper. It utilizes the RASA framework to handle most in-scope, task-oriented user intents and is optimized
for speed and efficiency on known conversational paths [20].

Stage 2: Retrieval-augmented generation (RAG). If the RASA model’s NLU confidence is below a
threshold (e.g., < 0.75), the system triggers a RAG pipeline [17]], [L8]. The RAG process involves several key
steps, starting with an initial semantic retrieval from a vector database, followed by TF-IDF relevance filtering
to re-rank candidates based on keyword relevance and ensure context precision. A cross-encoder then performs
a joint, deep analysis of query-document pairs to provide a deterministic relevance score that is combined with
the initial NLU confidence to determine escalation to the LLM or rejection of out-of-scope queries for safety.
To maintain operational efficiency, principal component analysis (PCA) is utilized for context compression to
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prevent window overflow in the final generation step, and 4-bit quantization is employed to significantly reduce
memory footprint and accelerate inference without sacrificing performance.

Stage 3: LLM-based response generation. The curated context from the RAG pipeline is passed
via the LangChain framework to a large-scale generative model (e.g., ChatGPT) [21], [22]. This final stage
synthesizes the information to generate a coherent, contextually grounded response. This tiered management
ensures that the most computationally expensive resource—the generative LLM—is used only when necessary
and is always supplied with a high-quality, optimized context [23]].

2.2. Implementation details

The system, built with Python [24]] and Flask [235]], uses a blocked randomization scheme. Participants
were randomly assigned to one of the three conditions RASA_ONLY, RASA_RAG, RASA_RAG_LLM. This
ensure equal group sizes (n=50 per group). Stage switching is triggered when RASA’s confidence is below
0.75 or on a fallback. The RAG pipeline uses nomic-ai/nomic-embed-text-v1.5 [26] for embeddings, cross-
encoder/ms-marco-MiniLM-L-6-v2 [27]] as cross encoder, and a quantized unsloth/Phi-3-mini-4k-instruct-bnb-
4bit for generation [28]. The final LLM stage uses OpenAl’s gpt-4o0-mini, incorporating chat history for con-
text. All interactions are logged in a PostgreSQL database with the pgvector extension for analysis. The system
escalates from RASA to RAG if confidence is below 0.75 or on a fallback. The final LLM prompt combines
retrieved context with chat history for a more coherent response.

Handovers are governed by real-time quantitative metrics [29]]. Escalation from Stage 1 to 2 is trig-
gered by a low NLU confidence score. Decision to escalate from Stage 2 to 3 is determined by cross-encoder
relevance score, which provides deterministic judgment for the retrieved documents’ relevance to the user’s
query [30]. This second metric allows the system to intelligently decide if the retrieved information is suffi-
cient or if the full power of the generative model is required. The system architecture (Figure 1) first routes
all queries to Stage 1 for RASA NLU assessment. A confidence score acts as the initial gate: high-confidence
queries are answered directly, while low-confidence ones escalate to the Stage 2 RAG pipeline for context
retrieval and re-ranking. A second gate then uses the cross-encoder’s relevance score to judge the retrieved
context. If the context is highly relevant, the local quantized LLM responds. Only when both NLU confidence
and context relevance are low does the query escalate to Stage 3, where the gpt-4o-mini model handles the
most complex queries using the curated context and conversation history.

3. METHOD
To validate the proposed architecture, we employed a randomized controlled trial (RCT) with a focus
on user-centric outcomes [31]].

3.1. Experimental design

To systematically evaluate each component’s contribution, the experiment was designed as an ab-
lation study. Participants were randomly assigned to one of three system configurations: (1) Condition A
(single-stage): A weak baseline chatbot using only the RASA framework; (2) Condition B (two-stage): An in-
termediate system where RASA falls back to the RAG pipeline for unresolved queries, then presenting retrieved
context directly to the user; (3) Condition C (multi-stage): The complete three stage architecture, including the
final generative LLM. This design allows for a direct comparison of the performance gains from the RAG
retrieval stage (A vs. B) and the subsequent generative synthesis stage (B vs. C) [32].

3.2. Performance metrics

We evaluated the system’s impact on user experience with two primary metrics: (1) Journey Com-
pletion Rate (JCR): A measure of task success, where categorical ratings were converted to numerical scores
“Ya, semua tugas selesai dengan baik.” = 100 (complete success), “Hanya beberapa tugas yang selesai” = 40
(partially successful), Tidak, saya mengalami banyak masalah = 20 (mostly unsuccessful) [16]; (2) User Satis-
faction (SERVQUAL): Measured using the SERVQUAL framework. The survey comprised 16 items rated on
a 5-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree), grouped into five dimensions: Tangibles
(3 items), Reliability (4 items), Responsiveness (3 items), Assurance (3 items), and Empathy (3 items). A com-
posite score for each dimension was calculated for each participant by averaging the scores of its corresponding
items [11].
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Figure 1. System flowchart of complexity aware cascade architecture

3.3. Participant recruitment

Participants (N=150) were recruited via advertisements posted on a variety of online platforms, in-
cluding university student forums, general social media groups (e.g., Facebook, Instagram), and community
messaging boards (e.g., WhatsApp) to gather a diverse sample, encompassing a wide spectrum of professional
backgrounds and levels of technical familiarity. Gender distribution is 60.97% male and 39.3% female. Par-
ticipants were randomly assigned to one of the three conditions (n=50 per group). All chat logs and survey
responses were systematically recorded.

3.4. Participant procedure and scenarios

A standardized procedure was implemented through a rdedicated web interface. Participants were
first briefed and then guided through five distinct task scenarios of varying complexity: (1) Simple query: A
straightforward fact-based question; (2) Medium complexity Requiring multi-step reasoning within a known
domain; (3) Complex query: A question requiring synthesis of information from multiple topics; (4) Out-of-
context query: A question designed to be beyond the base chatbot’s training data; (5) Creative query: A task
requiring the generation of original text or ideas.

For each scenario, participants were provided with example prompts and a ”copy to clipboard” func-
tion to standardize input phrasing across conditions. After interacting with the chatbot for all scenarios, partic-
ipants completed the JCR and SERVQUAL questionnaire.

3.5. Data analysis

Due to the ordinal nature of Likert scale data and the significant negative skew and non-normal
distribution identified in the SERVQUAL responses (particularly in Condition A), non-parametric statistical
tests were employed. Group comparisons: The Kruskal-Wallis H test, a non-parametric alternative to one-
way ANOVA, was used to determine if there were statistically significant differences in the median JCR and
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SERVQUAL dimension scores across the three conditions. If a significant difference was found, Dunn’s post-
hoc test with Bonferroni correction was applied for pairwise comparisons. Correlation analysis: The Spear-
man’s rank-order correlation coefficient (p) was used to assess the monotonic relationship between the ordinal
condition variable (A=1, B=2, C=3) and the user outcome metrics (JCR, SERVQUAL scores). All analyses
were conducted using Python (v3.12.3) with appropriate libraries (details can be seen on GitHub), and a p-value
of < 0.05 was considered statistically significant.

4. RESULTS AND DISCUSSION

Analysis of the experimental data indicates a statistically significant, positive correlation between the
implementation of the complexity aware cascade architecture and the measured outcomes of task success and
user satisfaction.

4.1. Task success (JCR)

The distribution of JCR scores across the three architectures is summarized in Table 1. The table
reports mean JCR, as well as the proportion of participants who experienced complete versus failed journeys
under each configuration, allowing a direct comparison of how architectural complexity impacts task success.
The analysis of mean JCR revealed a significant improvement in task success as architectural complexity in-
creased. The mean JCR score increased from 46.8% for the Single-Stage system to 77.2% for the two-stage
system, and 90% mean JCR for the multi-stage architecture.

Table 1. Mean journey completion rate by chatbot architecture
Architecture ~ Mean JCR (%)  Success rate (100%)  Failure rate (<50%)

Single-stage 46.8 24.0 76.0
Two-stage 77.2 68.0 32.0
Multi-stage 90 86.0 14.0

4.2. User satisfaction (SERVQUAL analysis)

The improvements in task success translated directly to a higher perception of service quality as shown
in Table 2 and Figure2} The median satisfaction scores improved progressively from a baseline of 1.133 for the
single-stage system to 2.417 for the multi-stage architecture. This substantial uplift demonstrates that system-
level choices serve as a direct lever for enhancing user trust and perceptions of reliability. Furthermore, the
multi-stage configuration achieved a more consistent user experience, demonstrated by a tighter interquartile
range (IQR =0.616) compared to the two-stage system (IQR = 0.842), suggesting that the final generative stage
provides a more stable and predictable service interface.

Table 2. SERVQUAL scores by chatbot architecture
Architecture N Median IQR
Single-stage 50 1.133 0.250
Two-stage 50 1.842 0.842
Multi-stage 50  2.417 0.616

4.3. Statistical findings

To formally test whether these observed differences were statistically significant, we applied non-
parametric analyses suited to the ordinal and skewed nature of the data. Table 3 summarizes the main statistical
findings, including the Kruskal-Wallis tests for overall architectural effects, the Spearman rank correlations
between architectural complexity and the outcome metrics, and the post-hoc comparison between the RAG-
only and RAG+LLM conditions.

Kruskal-Wallis tests confirmed that architectural complexity had a significant effect on both user sat-
isfaction (SERVQUAL, H=85.39, p<0.001) and task completion (JCR, H=37.70, p<0.001). Spearman’s p
further showed strong correlation between complexity and satisfaction (p=0.748) and a moderate correlation
with task success (p=0.490). Post-hoc analysis indicated that adding the LLM stage did not significantly im-
prove JCR over the RAG system alone (p=0.107), suggesting that its main contribution lies in enhancing the
user experience rather than task success. Finally, the weak correlation between SERVQUAL and JCR (p=0.297)
underscores that satisfaction and success, while related, are distinct outcomes.

Complexity aware cascade architecture for improving user satisfaction in ... (Constantinus Satrio)
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SERVQUAL Analysis: Chatbot Architecture Comparison
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Figure 2. Box plots showing the distribution of overall SERVQUAL scores for the single-stage, two-stage, and
multi-stage architectures

Table 3. Key statistical findings along with statistical test type

Key Finding Statistical Test Result p-value

Overall architectural impact Kruskal-Wallis H SERVQUAL:H=85.39, JCR:H=37.70 < 0.001

Complexity drives satisfaction Spearman’s p p = 0.748 (Very Strong) < 0.001

Complexity moderately improves task success Spearman’s p p =0.490 (Moderate) < 0.001

LLM enhances experience, not just success Post-hoc Dunn’s test JCR Comparison: p =0.107 0.1070
(RAG vs RAG+LLM)

Task Success # User Satisfaction Spearman’s p p =0.297 (Weak) < 0.001
(SERVQUAL<+JCR)

4.4. Discussion

The study’s findings reveal a substantial improvement in task success correlated with architectural
complexity. From a quantitative perspective, the gains achieved by the CAC are large relative to those reported
in prior chatbot research. Adam et al. [1]] experimentally examined how interaction-design manipulations (foot-
in-the-door requests and anthropomorphic design cues) affect user compliance with a customer-service chatbot.
In their study, compliance rose from 63% in the control condition to 77% with only foot-in-the-door cues, 84%
with only anthropomorphic cues, and 95% when both were combined, an absolute gain of 32 percentage points
and a relative improvement of around 51% over the baseline [1l]. In our randomized controlled trial, JCR
increased from 46.8% in the single-stage baseline to 77.2% in the two-stage architecture and 90.0% in the full
CAC. This corresponds to an absolute gain of 43.2 percentage points and a relative improvement of 92.3%
in task completion. Whereas Adam er al. [1] attribute their effects to surface-level interaction design for a
single request, our results show that system-level architectural changes can yield improvements of comparable
or greater magnitude in end-to-end journey completion across a multi-turn, information-seeking domain.

A similar pattern emerges when comparing our findings with studies that focus on customer satis-
faction and loyalty rather than task completion. Hsu and Lin [11] modelled satisfaction and loyalty toward
customer-service chatbots using an extended e-service quality framework, showing that Al chatbot service re-
covery quality and conversational quality significantly predict satisfaction, and that core service quality and sat-
isfaction predict loyalty. Their structural model reports strong paths from chatbot quality to satisfaction and loy-
alty (standardized coefficients exceeding 0.5) and explains a large proportion of variance in loyalty (R? above
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0.60), but it does not include an explicit task-completion or journey-completion metric. In contrast, our exper-
iment links architectural configuration, objective JCR, and SERVQUAL scores within a single RCT: the full
CAC configuration simultaneously improves task completion by 92.3% relative to the baseline and produces a
substantial uplift in SERVQUAL-based perceived service quality. In other words, our results complement Hsu
and Lin’s construct-level findings by showing that a concrete architectural design choice—complexity-aware
cascading—can be treated as a lever for jointly improving service quality and completion outcomes, not only
for shifting latent satisfaction and loyalty scores.

Prior experimental work on chatbot user experience also tends to report effects primarily at the per-
ceptual level. Haugeland et al. [3]], for example, conducted a randomized experiment (n = 35) comparing
topic-led versus task-led conversations and button-based versus free-text interaction in a customer-service chat-
bot. They found that topic-led conversations significantly increased perceived anthropomorphism and hedonic
quality, while button-based interaction improved pragmatic and hedonic quality, all measured on seven-point
UX scales. However, their study does not report changes in objective task success or completion rates, and
the sample size is relatively small compared to our RCT with 150 participants. Our findings extend this line
of work by showing that architectural complexity—operationalized as a dual-threshold cascade over RASA,
RAG, and LLM stages—not only affects user perceptions (SERVQUAL) but also leads to large, quantifiable
gains in end-to-end journey completion.

Systematic reviews of user-experience assessment with conversational agents remain relatively small
in scope and highlight a fragmented evaluation landscape. For example, Tubin et al. [16] systematically
searched four major HCI-related databases (ACM, IEEE, Springer, and Scopus) and initially identified 482
papers, but only 27 studies met their inclusion criteria for reporting how user experience with conversational
agents was assessed. Their analysis shows a wide dispersion of methods, heavy reliance on self-created post-
test questionnaires, and very limited use of validated UX instruments or combined pre-, during-, and post-use
assessments [[16]. In parallel, Gamboa-Cruzado er al. [2] review customer-service chatbots and document
a fragmented landscape of application domains, technologies, and evaluation practices, while more recent
reviews of customer-service chatbot experience similarly synthesize dozens of empirical studies without iden-
tifying many that jointly analyze service-quality perceptions and hard performance metrics such as completion
or resolution rates [9]], [16]. Against this backdrop, the present study adds a relatively rare data point: a con-
trolled, four-arm RCT that explicitly varies the architecture (single stage vs. naive stack vs. three-stage CAC
vs. four-stage CAC with LLM), uses a structured SERVQUAL-based instrument, and reports both JCR and
SERVQUAL outcomes. The size of the observed differences—over 40 percentage points in JCR between base-
line and full CAC—indicates that architectural choices can have an impact on user outcomes comparable to or
larger than those reported for interaction-design manipulations and service-quality perceptions alone.

During the experiment, users occasionally entered off-domain queries to the chatbot’s designed knowl-
edge base of essential oils (e.g., geopolitical topics unrelated to essential oils). In these instances, the cross-
encoder’s relevance scoring acted as a safety system. By returning a near-zero confidence score (e.g., 0.000047),
it correctly identified the query as out-of-scope. Consequently, the chatbot refused to generate a speculative or
potentially incorrect answer, instead informing the user of its limitations. While this is the desired behaviour for
a trustworthy Al each refusal was logged as an incomplete journey, thereby preventing the JCR from reaching
a perfect score.

This intentional refusal to answer irrelevant queries explains the ceiling on the JCR and the SERVQUAL
scores. It represents a deliberate trade-off: sacrificing a perfect task completion metric to ensure high Reliabil-
ity and Assurance. Users perceive the system as more trustworthy not only because it provides correct answers
but also because it is honest about what it does not know. This confirms that task success and user satisfaction
are not strictly correlated, underscoring the importance of reliability and transparency as independent drivers
of user experience. This underscores a key design principle: optimizing for user-facing outcomes of safety and
reliability is more valuable than striving for a flawless but potentially misleading completion rate.

4.5. Limitations

This study has several important limitations that must be considered when interpreting the results.
First, the experiment was conducted in a single, domain-specific knowledge base (essential oils) using scripted
scenarios. As a result, the findings may not be generalize to high-stakes domains like finance or healthcare.
Second, participants recruitment via university forums and social media resulted in a convenience sample that is
relatively homogeneous and does not represent the global population. Most critically, the research lacked long-
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term exploration, as no real-time production deployment trials or large-scale computational cost studies were
performed to measure long-term user retention or infrastructure costs. While the methodological contribution
lies in the architectural design rather than a new model class, the findings provide a validated blueprint for
practical application. Future work should evaluate the architecture across multiple domains with more diverse
and representative samples under field conditions that capture long-term behavior and operational constraints.
Furthermore, it is recommended that practitioners adopt the CAC as an incremental layer, utilizing the dual-
threshold routing to reserve expensive LLM calls for complex cases while letting the NLU or RAG tiers handle
routine queries to balance satisfaction and cost in large-scale customer service environments.

5. CONCLUSION

This research introduced and empirically validated the CAC, a system architecture for managing con-
versational Al workflows. Through a RCT with 150 participants, we demonstrated that this multi-stage fall-
back system significantly outperforms simpler architectures in its ability to complete user tasks and improve
user-perceived service quality. Ultimately, this research provides a validated blueprint for building more ef-
fective conversational Al, demonstrating that true user-centric design involves a careful balance between task
completion and the system’s ability to earn user trust by safely managing its own limitations. The principles
demonstrated here can inform future research into developing safety-grounded, complexity-aware conversa-
tional Al for practical deployment. For practitioners, these findings suggest that a complexity-aware cascade
can be adopted as an incremental layer on top of existing task-oriented chatbots. In large-scale customer-service
environments, the dual-threshold routing logic can be used to reserve LLM calls for genuinely complex or am-
biguous cases, while letting a fast NLU or RAG tier handle routine queries, thereby balancing user satisfaction
and infrastructure cost. The architecture can also be integrated with existing ticketing systems and knowledge
bases by treating each stage as a modular service that exposes standardized interfaces for logging, escalation,
and monitoring. Future deployments should instrument both task-level metrics (e.g., resolution rates, hand-off
to human agents) and service-quality indicators (e.g., SERVQUAL dimensions) to continuously tune thresholds
and escalation policies. Extending this evaluation to multiple domains and long-running production systems
is a natural next step to validate how well the CAC scales beyond the controlled experimental setting reported
here.
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