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This study evaluates the reliability of an automated signal classification system, which is cru-
cial for ensuring the accuracy of its assigned labels. To achieve this, we utilized Claude sonnet-4
as a blind, independent evaluator to re-classify a stratified sample of 20 signal rollups, selected
from 121 signals generated by the OpenClaw pipeline. Performance was assessed using overall ac-
curacy and per-class precision, recall, and F1-score. Our results showed an overall classification
accuracy of 45.0%, indicating significant room for improvement in the automated system. While
the ’ux_friction’ class achieved the best F1-score (0.636) with good precision, the ’process_tooling’
class demonstrated a complete failure in recall (0.000), with all its samples being misclassified. Fur-
thermore, we identified substantial class boundary ambiguity, particularly between ’ux_friction’,
’defect’, and ’process_tooling’, suggesting that these categories are not sufficiently distinct. Due to
the small sample size, these findings should be interpreted as directional, pointing to critical areas
for refinement in both the automated classification model and its foundational class definitions.

I. INTRODUCTION

In modern operational environments, where complex systems generate vast quantities of data, the ability to accu-
rately and efficiently classify signals is paramount for effective monitoring, diagnosis, and response. Automated signal
classification systems are increasingly deployed to manage this deluge, transforming raw data into actionable insights
by assigning meaningful labels to observed events or anomalies. The OpenClaw pipeline, a system designed to detect
and aggregate various operational signals into what we term ”signal rollups,” relies heavily on such an automated
classification mechanism to categorize these rollups into predefined classes. The integrity and utility of the entire
pipeline are thus critically dependent on the reliability and accuracy of these automated assignments; misclassification
can lead to significant operational inefficiencies and errors.

The problem of automated signal classification is inherently challenging. Real-world signals can be noisy, ambiguous,
and exhibit subtle variations that are difficult for algorithms to discern. Furthermore, a major difficulty lies in
the often-indistinct boundaries between different signal categories, leading to significant overlap and potential for
misclassification. In the context of the OpenClaw pipeline, misclassified signal rollups can have severe consequences,
ranging from misallocation of engineering resources to delayed identification of critical issues such as system defects or
user experience friction. Ensuring the accuracy of these assigned labels is therefore not merely an academic exercise
but a practical necessity for maintaining operational efficiency and system health. The inherent difficulty lies in
developing a model that can robustly and consistently differentiate between nuanced signal patterns, especially when
human interpretation itself might present variability.

To address these challenges and rigorously evaluate the performance of the automated signal classification system
within the OpenClaw pipeline, this paper presents a preliminary, independent assessment of its current capabilities.
We attempt to solve the problem of objectively measuring the system’s accuracy by employing a novel and inde-
pendent method: utilizing a large language model (LLM), specifically Claude sonnet-4, as a blind evaluator. This
approach leverages the advanced pattern recognition and contextual understanding capabilities of a sophisticated AI
to re-classify a subset of signals, thereby providing an unbiased benchmark against which the automated system’s
performance can be measured, mitigating potential human bias or model-specific assumptions.

We verify the effectiveness of our automated system by comparing its classifications against those provided by this
independent LLM evaluator. A stratified sample of 20 signal rollups was carefully selected from a total of 121 signals
generated by the OpenClaw pipeline, ensuring representation across the various existing classes. Performance was
quantitatively assessed using a comprehensive suite of metrics. Beyond overall classification accuracy, we calculated
per-class precision, recall, and F1-score. These metrics provide a nuanced understanding of the system’s performance,
revealing not only how often it is correct overall, but also its ability to correctly identify instances of each class (recall)
and the proportion of its positive classifications that are genuinely correct (precision), along with a harmonic mean
of these two (F1-score). While this study represents a preliminary evaluation with a limited sample size, it aims to
provide critical directional insights into the strengths and weaknesses of the current automated classification system,
highlighting key areas for future refinement in both the classification model and its underlying class definitions.
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II. METHODS

A. Data Collection and Sample Selection

The dataset for this preliminary evaluation consisted of signal rollups generated by the OpenClaw pipeline. The
OpenClaw pipeline is designed to detect and aggregate various operational signals into consolidated ”signal rollups,”
which represent distinct events or anomalies within the monitored systems. A total of 121 such signal rollups were
initially generated by the pipeline during a specific operational period. Each signal rollup inherently contained
descriptive textual information pertaining to the event, which served as the input for both the automated classification
system and the independent evaluator.

From this total pool of 121 signal rollups, a stratified sample of 20 signal rollups was carefully selected for evaluation.
The stratification was performed to ensure representation across the various predefined classification classes that the
OpenClaw pipeline’s automated system is designed to categorize signals into. This approach aimed to provide a
balanced overview of the system’s performance across its operational spectrum, despite the limited sample size. The
specific classes observed in the sample included, but were not limited to, ’ux_friction’, ’defect’, and ’process_tooling’.

B. Automated Signal Classification System

The OpenClaw pipeline incorporates an automated signal classification system responsible for assigning predefined
labels to the generated signal rollups. This system processes the textual and contextual information embedded within
each rollup and categorizes it into one of several distinct classes, such as ’ux_friction’, ’defect’, or ’process_tooling’.
The internal architecture and specific algorithms employed by this automated system are beyond the scope of this
evaluation, as the primary objective was to assess its output reliability rather than its internal mechanics. For the
purpose of this study, the classifications produced by this automated system were treated as the ”system predictions”
against which the independent evaluation would be benchmarked.

C. Independent Evaluation via Large Language Model

To provide an unbiased and independent assessment of the automated system’s performance, a large language
model (LLM), specifically Claude sonnet-4, was employed as a blind evaluator. This approach leverages the advanced
natural language understanding and pattern recognition capabilities of a sophisticated AI to re-classify the selected
signal rollups, mitigating potential human bias or model-specific assumptions that could arise from manual review or
domain expert classification.

1. Evaluation Protocol

Each of the 20 selected signal rollups, stripped of its original automated classification label, was presented to
Claude sonnet-4. The input provided to the LLM for each rollup included the full descriptive textual content that the
automated system would typically process. Claude sonnet-4 was instructed to classify each signal rollup into one of
the predefined categories used by the OpenClaw pipeline. The LLM operated in a ”blind” fashion, meaning it was not
privy to the automated system’s original classification for any given rollup, nor was it provided with any information
that could bias its classification towards the automated system’s output. The prompt provided to Claude sonnet-4
included a clear definition of each target class to ensure consistent interpretation.

2. Ground Truth Establishment

The classifications provided by Claude sonnet-4 for the 20 signal rollups were adopted as the ”ground truth” for
this evaluation. This decision was based on the LLM’s demonstrated ability to perform complex contextual analysis
and its independence from the OpenClaw pipeline’s internal classification logic. By using an external, sophisticated
AI as the arbiter, we aimed to establish an objective benchmark against which the automated system’s performance
could be measured, as highlighted in the introduction.
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D. Performance Metrics

The performance of the automated signal classification system was quantitatively assessed by comparing its classi-
fications against the ground truth established by Claude sonnet-4. A comprehensive suite of metrics was utilized to
provide a nuanced understanding of the system’s strengths and weaknesses.

1. Overall Accuracy

Overall accuracy was calculated as the proportion of correctly classified signal rollups across the entire sample:

Accuracy =
Number of Correct Classifications

Total Number of Samples

This metric provides a general measure of the system’s correctness across all classes.

2. Per-Class Precision, Recall, and F1-score

To gain deeper insights into the system’s performance for each specific class, per-class precision, recall, and F1-score
were calculated. These metrics are particularly important in multi-class classification problems, especially when class
distributions might be imbalanced or when certain types of errors (false positives vs. false negatives) have different
implications.

• Precision: For each class, precision was defined as the ratio of true positive predictions to the total number
of positive predictions made by the system for that class. It measures the proportion of positive identifications
that were actually correct.

Precision =
True Positives

True Positives + False Positives

• Recall: For each class, recall (also known as sensitivity) was defined as the ratio of true positive predictions to
the total number of actual positive instances of that class. It measures the proportion of actual positives that
were correctly identified.

Recall = True Positives
True Positives + False Negatives

• F1-score: The F1-score is the harmonic mean of precision and recall. It provides a single metric that balances
both precision and recall, being particularly useful when there is an uneven class distribution.

F1-score = 2× Precision × Recall
Precision + Recall

These per-class metrics allowed for the identification of specific classes where the automated system performed well
or poorly, providing critical directional insights into areas requiring refinement, as emphasized in the introduction.

III. RESULTS

A. Overall Classification Performance

The preliminary evaluation of the automated signal classification system within the OpenClaw pipeline revealed
an overall accuracy of 45.0%. This indicates that the automated system correctly classified 9 out of the 20 signal
rollups when benchmarked against the independent classifications provided by Claude sonnet-4, which served as
our established ground truth. This overall accuracy, as highlighted in the abstract, suggests significant room for
improvement in the system’s current performance.

The stratified sample of 20 signal rollups included instances from four distinct classes as initially assigned by the
automated system, as detailed in Table I. The class ‘ux_friction‘ was the most represented in our sample, reflecting
its prevalence in the operational signals generated by the OpenClaw pipeline.



4

TABLE I. Sample Distribution by Automated Class
Automated Class Count in Sample
ux_friction 13
proactive_opportunity 3
defect 2
process_tooling 2

B. Per-Class Performance Analysis

A more granular analysis using per-class precision, recall, and F1-score provides deeper insights into the automated
system’s strengths and weaknesses, as outlined in our methodology. Table II presents these metrics alongside the raw
counts of True Positives (TP), False Positives (FP), and False Negatives (FN) for each class identified in the ground
truth by Claude sonnet-4.

TABLE II. Per-Class Performance Metrics
Class TP FP FN Precision Recall F1-Score
ux_friction 7 2 6 0.778 0.538 0.636
proactive_opportunity 1 1 2 0.500 0.333 0.400
defect 1 3 1 0.250 0.500 0.333
process_tooling 0 0 2 0.000 0.000 0.000
user_delight 0 1 0 0.000 N/A N/A
capability_gap 0 1 0 0.000 N/A N/A

1. Performance of ‘ux_friction‘

The ‘ux_friction‘ class exhibited the most robust performance among all categories, achieving an F1-score of 0.636.
This was driven by a relatively high precision of 0.778, indicating that when the automated system classified a signal
as ‘ux_friction‘, it was correct nearly 78% of the time. However, its recall was moderate at 0.538, meaning that
the system only correctly identified slightly more than half of the actual ‘ux_friction‘ signals present in the ground
truth. Out of 13 samples initially labeled as ‘ux_friction‘ by the automated system, 6 were misclassified by Claude
sonnet-4 into other categories, suggesting that while the system is often precise, it frequently misses true instances of
‘ux_friction‘ or misinterprets them as something else.

2. Failure in ‘process_tooling‘ Classification

A critical finding was the complete failure of the automated system to correctly classify signals belonging to the
‘process_tooling‘ class. With both a precision and recall of 0.000, and consequently an F1-score of 0.000, the system
did not correctly identify any of the two ‘process_tooling‘ samples present in the ground truth. Both of these samples
were misclassified as ‘ux_friction‘ by the automated system. This complete lack of recall for ‘process_tooling‘ signals,
as highlighted in the abstract, points to a severe deficiency in the automated system’s ability to distinguish this class
from others, particularly ‘ux_friction‘.

3. Performance of ‘proactive_opportunity‘ and ‘defect‘

The ‘proactive_opportunity‘ class showed an F1-score of 0.400, with balanced precision (0.500) and recall (0.333).
This suggests a moderate ability to identify these signals, but with considerable room for improvement in both
correctly identifying existing opportunities and avoiding false positives.

For the ‘defect‘ class, the automated system achieved an F1-score of 0.333. While its recall was 0.500, indicating
it caught half of the actual defects, its precision was notably low at 0.250. This low precision means that 75% of the
signals the system classified as ‘defect‘ were actually not ‘defect‘ according to Claude sonnet-4, leading to a high rate
of false positives.
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4. Unrepresented Classes in Automated Predictions

The classes ‘user_delight‘ and ‘capability_gap‘ appeared in Claude sonnet-4’s ground truth classification but were
not identified by the automated system in any of its initial predictions for the sampled rollups. The automated system
made one false positive prediction for each of these classes, resulting in a precision of 0.000. Since no true positive
instances were predicted by the automated system for these classes, their recall and F1-scores are not applicable
(N/A) in this context, as there were no actual instances of these classes in the ground truth that the automated
system correctly identified. This suggests that the automated system either does not recognize these categories or
conflates them with other defined classes.

C. Analysis of Class Boundary Ambiguity

The confusion matrix, presented in Table III, provides a detailed view of the specific misclassifications, reveal-
ing significant overlap and ambiguity between class definitions, a key challenge identified in the introduction. The
rows represent the automated system’s classifications, and the columns represent Claude sonnet-4’s ground truth
classifications.

TABLE III. Confusion Matrix (Rows: Automated, Columns: Claude Ground Truth)
ux_friction proactive_opp defect process_tool user_delight capability_gap

ux_friction 7 1 3 2 0 0
proactive_opp 0 1 0 0 1 1
defect 0 0 1 1 0 0
process_tool 2 0 0 0 0 0

1. Misclassification Patterns

The most prominent pattern of misclassification involves the ‘ux_friction‘ class. While 7 ‘ux_friction‘ signals were
correctly identified by the automated system, 6 others were misclassified: 3 were labeled as ‘defect‘ by Claude sonnet-
4, and 2 were labeled as ‘process_tooling‘. Furthermore, one ‘proactive_opportunity‘ signal was erroneously classified
as ‘ux_friction‘ by the automated system.

A critical observation, directly related to the ‘process_tooling‘ failure, is that both instances of actual ‘process_tooling‘
in the ground truth were misclassified by the automated system as ‘ux_friction‘. This strong tendency to conflate
‘process_tooling‘ with ‘ux_friction‘ suggests a significant overlap in their underlying signal characteristics as inter-
preted by the automated model. This ambiguity is further supported by the observation that both classes often
involve ”user annoyance” as a symptom, making their distinction challenging for the automated system.

The ‘defect‘ class also exhibits notable ambiguity. While the automated system correctly identified 1 ‘defect‘ signal,
it misclassified 3 ‘ux_friction‘ signals as ‘defect‘, leading to its low precision. Claude sonnet-4, on the other hand,
identified 4 signals as ‘defect‘ in total, two of which were originally classified as ‘ux_friction‘ by the automated system.
This suggests that the presence of keywords like ”error” in signal summaries might trigger a ‘defect‘ classification by
Claude sonnet-4, but the automated system struggles to differentiate between user friction manifesting as an error
versus a core system defect.

Finally, signals that Claude sonnet-4 classified as ‘user_delight‘ and ‘capability_gap‘ were misclassified by the
automated system as ‘proactive_opportunity‘. This indicates that the automated system might broadly categorize
positive or improvement-oriented signals into a single ‘proactive_opportunity‘ bucket, failing to discern more nuanced
categories.

D. Summary of Findings

The evaluation reveals that the automated signal classification system in the OpenClaw pipeline currently operates
with a low overall accuracy of 45.0%. While the ‘ux_friction‘ class demonstrates the best performance in terms of
F1-score (0.636) and precision (0.778), it still suffers from moderate recall, indicating missed opportunities for correct
classification. A significant concern is the complete failure to correctly classify ‘process_tooling‘ signals, which were
consistently misidentified as ‘ux_friction‘. This, along with frequent misclassifications between ‘ux_friction‘, ‘defect‘,
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and ‘proactive_opportunity‘, points to substantial ambiguity in the definitions and boundaries of these classes as
interpreted by the automated system. The low precision for ‘defect‘ signals further suggests that the system is prone
to false positives for critical issues. Due to the small sample size of 20 signal rollups, these findings should be interpreted
as directional, providing critical insights into areas requiring refinement in both the automated classification model
and its foundational class definitions.

IV. CONCLUSIONS

This study embarked on a preliminary evaluation of the automated signal classification system integrated within
the OpenClaw pipeline. The fundamental problem addressed is the critical need for accurate and reliable automated
classification of operational signals in complex systems, where misclassification can lead to significant operational
inefficiencies and misallocation of resources. Our approach aimed to provide an independent and unbiased assessment
of the system’s current performance by leveraging a large language model, Claude sonnet-4, as a blind evaluator to
establish a robust ground truth.

To achieve this, we utilized a stratified sample of 20 signal rollups drawn from a total of 121 signals generated by
the OpenClaw pipeline. The automated system’s classifications were then benchmarked against the independent clas-
sifications provided by Claude sonnet-4, which served as our objective ground truth. Performance was quantitatively
assessed using overall accuracy, alongside per-class precision, recall, and F1-score to provide a granular understanding
of the system’s capabilities and limitations across different signal categories.

The results revealed an overall classification accuracy of 45.0%, indicating that the automated system currently cor-
rectly classifies less than half of the signals. A detailed per-class analysis exposed significant disparities in performance.
While the ’ux_friction’ class demonstrated the best performance with an F1-score of 0.636 and high precision (0.778),
its moderate recall (0.538) suggests that many true instances of user friction are still being missed or misidentified.
A critical finding was the complete failure of the system to correctly classify ’process_tooling’ signals, exhibiting a
0.000 F1-score and recall, with all such instances being misclassified, predominantly as ’ux_friction’. Furthermore,
classes like ’defect’ suffered from low precision (0.250), indicating a high rate of false positives, while ’user_delight’
and ’capability_gap’ were entirely unrepresented in the automated system’s predictions, being broadly conflated with
’proactive_opportunity’. The confusion matrix starkly highlighted substantial class boundary ambiguity, particularly
between ’ux_friction’, ’defect’, and ’process_tooling’, where signals from one category were frequently misassigned
to another.

From these preliminary findings, several key insights emerge. Firstly, the current automated classification system
within the OpenClaw pipeline requires substantial refinement to improve its overall accuracy and reliability. Secondly,
the complete inability to distinguish ’process_tooling’ signals represents a major deficiency that necessitates immediate
attention, likely stemming from an overlap in defining characteristics with ’ux_friction’. Thirdly, the pervasive class
boundary ambiguity, particularly between ’ux_friction’, ’defect’, and ’process_tooling’, suggests that the foundational
definitions of these categories themselves may not be sufficiently distinct or are being misinterpreted by the automated
model. This points to a need for a thorough review and potential redefinition of the classification schema to reduce
overlap and enhance discriminability. Finally, the successful application of an independent LLM for ground truth
establishment proves to be a valuable and unbiased method for evaluating such systems, mitigating inherent biases.
While the small sample size dictates that these conclusions are directional, they provide critical insights for guiding
future efforts in both enhancing the automated classification model and refining the underlying class definitions to
improve the OpenClaw pipeline’s operational effectiveness.


