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Figure 1: Conceptual illustration of the analysis workflow. The process begins with Pre-Processing, where online survey
responses are collected and aggregated. During the Classification phase, open-ended responses are evaluated through one of
two pipelines: Classifications are produced either by using manual human coding and sentence embeddings to train a classifier,
or by leveraging a Large Language Model via API. Finally, the Comparison phase assesses the performance of both pipelines.

Abstract

Careless responses pose a challenge for data quality in online sur-
vey research, a core method in human-computer interaction (HCI).
Open-ended answers can reveal such insufficient effort responding
(IER), but are costly to evaluate manually. I explore the use of two
large language model (LLM) pipelines to automate IER detection in
a dataset of 1,551 open-text responses: using open-source embed-
ding models with standard classifiers, and using text-generation
labelling with GPT-40-mini. Embedding-based models achieved
higher precision, but missed inattentive responses, whereas text
generation showed better accuracy yet tended to overpredict IER.
These patterns were explained by severe class imbalance, which was
identified as a typical feature of high-quality crowdsourced samples
and thus a central challenge for automated IER detection. I discuss
how such pipelines could be integrated into human-in-the-loop
workflows and emphasize the need for curated, openly available
datasets and improved model engineering to advance reliable IER
detection.

CCS Concepts

« Human-centered computing — HCI theory, concepts and
models.
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1 Introduction

"I do not know what to write... 50 characters, bla bla blaaaaa." Such re-
sponses are commonly observed in online surveys, which constitute
one of the most frequently employed methods for data collection in
HCI research [2, 26, 30]. In recent years, crowdsourcing platforms
such as Amazon Mechanical Turk [1] and Prolific [31] have become
dominant channels for participant recruitment, providing rapid
access to large and ostensibly more diverse samples compared with
traditional recruitment methods [5].

However, the accessibility that makes crowdsourcing appealing
for researchers also introduces challenges. Many participants on
these platforms may be primarily motivated by monetary gains and
thus try to maximise rewards instead of engaging with the study.
This leads to a phenomenon known as insufficient effort responding
(IER) [15] and poses a serious threat to data quality [8]. Even small
proportions of inattentive responses can distort correlations, inflate
or attenuate effects, and undermine replicability [14, 18, 20, 25].
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For HCI studies that rely on these samples, IER challenges the
fundamental validity of the field.

While numerous approaches have been proposed to mitigate IER,
most target closed-ended survey items such as self-report scales [4].
Despite their compelling potential to reveal whether participants
meaningfully engaged with the task, open-ended responses have
received little attention with respect to systematically detecting IER.
Yet they offer valuable interpretative cues for researchers assess-
ing attentiveness and comprehension in less stringent contexts. In
some studies, these qualitative responses were the only observable
indicators of inattentive behaviour, where conventional detection
techniques failed [4]. However, identifying IER in open responses
typically requires laborious manual review, which becomes infea-
sible in large-scale studies. With the advent of modern artificial
intelligence (AI) like Large Language Models (LLMs) this raises the
question of whether Al could assist researchers by automatically
classifying IER in open-ended survey data. Thus supporting scal-
able, high-quality analysis without losing the human sensitivity
that defines inquiry in HCI.

This paper explores the potential of LLM-based approaches to
reliably identify IER in open-ended survey data by evaluating two
pipelines: feature extraction with embedding models and text gen-
eration with LLMs. While neither approach achieved satisfactory
performance, the study uncovered fundamental challenges that
warrant further investigation. Specifically, it revealed that class
imbalance poses a major obstacle, likely stemming from inherent
characteristics of crowdsourced online survey research. Moreover,
the findings suggest that open-source embedding models tend to
underpredict IER, whereas flagship text-generation models tend
to overpredict. The paper concludes by outlining these challenges,
discussing how such models could be integrated into human-in-
the-loop workflows, and suggesting directions for future work.

2 Related Work

As crowdsourced online surveys are a common tool in HCI research,
ensuring response quality is important. This section reviews how
prior work has addressed this challenge, beginning with research
on IER and extending to emerging applications of LLMs for its
detection.

2.1 Insufficient Effort Responding

IER is a prevalent issue in online survey research, with estimates
ranging from 3% in 2014 [20] to nearly 50% of responses identified
as IER in recent years [3, 4]. Researchers have developed a variety
of techniques to detect and manage IER. A priori methods embed
attentiveness checks within surveys, steer participants toward more
careful responding, or make them self-identify as being careless [4,
8]. While post hoc methods usually try to flag suspicious response
patterns through statistical means [4, 8, 22].

The growing prevalence of online surveys has renewed interest
in open-ended questions, which were shown to elicit richer and
more thoughtful responses than in paper based tests with open-
ended responses [38]. The quality of responses, however, strongly
depends on participants’ intrinsic interest in the topic [13, 36]. This
marks paid crowdworkers as a potentially risky population, as their
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primary motivation may be monetary rather than driven by genuine
interest in the task or its content.

Mitigating IER in open-ended formats has received some atten-
tion in a priori mitigation approaches. For instance, increasing text
box sizes were shown to result in longer responses, while provid-
ing motivating instructions equated to better response [17]. How-
ever, post hoc quality assessment methods in this context remain
underexplored. One exception is the coding guideline developed
by Brithlmann et al. [4], which synthesizes earlier work by Smyth
et al. [38] and Holland and Christian [13]. While short response
length was used as an indicator in several prior studies, it could be
considered an unreliable measure of insufficient effort. Failing to
follow explicit instructions (e.g., a minimum word count) can in-
deed signal IER, but verbosity alone is not a valid proxy for quality.
Short, well-constructed answers may reflect careful thought, and
succinct expression rather than inattentiveness.

Recent work suggests that the interpretability of open-text re-
sponses is an important quality indicator [36]. This implies that
open-text responses hold considerable diagnostic potential [3], of-
fering contextual cues about participants’ reasoning and engage-
ment. Yet, the quality of such responses remains far more difficult
to discern, typically requiring human labour. Finding automated
solutions to this problem (comparable to flagging message length
issues) would be valuable for HCI-researchers — particularly in
large-scale online research. Recent advances in LLMs may offer a
promising avenue to automate parts of this interpretative process,
while maintaining contextual sensitivity.

2.2 Large Language Models in IER Detection

With the advent of LLMs, automated data annotation has become
a promising frontier. GPT-3.5-turbo has shown superior perfor-
mance in text annotation tasks compared to MTurk crowdwork-
ers [11], matching recent insights of the potential of LLMs to serve
as crowdworkers for generating contextual information [21]. LLMs
have demonstrated effectiveness in identifying subpar data qual-
ity across indicators of representativeness such as temporal, geo-
graphic, and technological coverage [19]. Beyond these quantitative
tasks, they have also been explored as analytical aids in qualitative
research [37, 39], although there is justified scepticism and caution
about their use as fully automatic tools in qualitative analysis [23].
Given that IER classification is a comparatively constrained task
that does not involve generating themes, applying LLMs to detect
careless or nonsensical responses may represent a promising and
impactful avenue for online-survey based HCI research.

In summary, while extensive research has examined IER in
closed-ended survey data, open-ended responses remain a com-
paratively overlooked yet valuable source of quality information.
Manual review of such responses is often infeasible at scale, and
the existing automated heuristics are challenged by the nuanced
linguistic cues that distinguish low-effort from meaningful input in
open-ended responses. Recent advances in LLMs present a novel
opportunity to address this gap.

3 Methodology

This section outlines the dataset and the two automated pipelines
evaluated for detecting IER: feature extraction with open-source
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embeddings and text generation with a generative model. While
embedding models are not LLMs, they can be viewed as a light-
weight alternative, as they build on similar transformer architec-
tures. Accordingly, their roles in this paper are differentiated only
when necessary for clarity. I first describe the evaluation dataset,
followed by the two approaches and their implementation.

3.1 Dataset

To explore how well the LLM pipelines can classify IER, I used a
publicly available dataset from HCI player experience (PX) research
containing 1,551 open-ended responses from a critical incident
task [27]. Participants in the original study received the following
instructions: "Please describe the digital game you recently played
or that you remember well. Try to describe this particular game as
accurately and detailed as you remember in at least 50 words, and
try to be as concrete as possible. You can use as many sentences as
you like." [27, p.4]. Additionally, participants were asked to provide
the name of the game they tried to remember. For the purpose of
that study, it was crucial that participants vividly recalled a specific
game experience, making the open-ended responses a prerequi-
site for the validity of subsequent analyses — thereby necessitating
high data quality. A human rater manually reviewed all responses
and classified them based on their adherence to the task instruc-
tions, verifying whether they (a) showed clear memory of playing
the game, (b) referred to a digital game, and (c) contained a valid
description matching the provided title [27].

This dataset offers an ideal test case for this approach. It stems
from an HCI study featuring open-ended responses that are directly
relevant to the study’s outcomes. The data is highly contextualized,
demanding more than the detection of superficial anomalies, and
include human quality ratings that provide a reliable "ground truth".

3.2 Approach 1: Feature Extraction

Because I had access to training data (i.e. human IER ratings), the
first approach was to use feature extraction and sentence embed-
dings to train machine learning classifiers. This method was chosen
because it is computationally efficient and potentially accessible
for most researchers seeking to integrate scalable quality control
into their workflow. To ensure this accessibility I only employed
open-source models available on Hugging Face [16].

Three models with fewer than one billion parameters were
tested (to ensure computational feasibility). Each model ranked
among the top ten embedding models for classification tasks accord-
ing to the MTEB leaderboard [10]: google/embeddinggemma-300m
(Gemma) [35], intfloat/multilingual-e5-large-instruct (e5-instruct) [41],
and Qwen/Qwen3-Embedding-0.6B (Qwen) [42]. Each model was
prompted with a short instruction sentence, as recommended in
the respective model cards, followed by the full text and game title.
The prompt structure was as follows: "Instruction: Judge whether
the description clearly refers to a real digital game, matches the game
title with an appropriate and concrete description, and shows clear
memory of playing the game." "Input: [Game title], [Description]."
This ensured contextual embeddings that mirrored the original
rating task performed by the human annotator. The goal was to
identify an accessible and computationally efficient approach that
could support scalable data-quality assessment for HCI researchers.
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Sentence embeddings were generated using the SentenceTrans-
former [33] library on Google Colab [12], then normalized and stan-
dardized to improve classifier stability. I implemented a stratified
shuffle-split cross-validation procedure (five splits, 70/30 train—test
ratio) to preserve class balance between IER and valid responses
in each split. Three widely used classifiers were tested: Logistic
Regression, Ridge Classifier, and Random Forest. Each trained with
class-weight balancing to account for class-imbalance. These classi-
fiers were chosen to test different degrees of interpretability and
linearity of models.

3.3 Approach 2: Text Generation

Because of the severe class imbalance in the data and limited per-
formance of the feature extraction approach, a complementary
pipeline using GPT-40-mini was implemented. This approach was
tested to assess whether state-of-the-art generative models could
reliably detect and classify IER without additional training data.

For inference, a custom prompting function was implemented
to query the model through the OpenAlI Application Programming
Interface (API). Each model response was constrained to output a
binary label (0 — IER or 1 — Effortful Response (ER)).

The prompts were derived from the original task instructions
and coding scheme of the study. They were then iteratively refined
to ensure correct binary outputs (0 or 1) and further improved using
OpenAT’s prompt optimizer [24]. The final prompts are provided in
the Appendix. I tested two prompting approaches: zero-shot classi-
fication and few-shot classification. In zero-shot the model received
only the instructions describing the evaluation task, followed by
the game title and participant’s open-ended response. While in
few-shot classification, the same instruction were extended with
four examples illustrating two valid and two invalid responses. The
examples were inspired by the real data, but not provided in the
data evaluated by the LLM to avoid data leakage.

4 Results

Model performance for all approaches was evaluated using (bal-
anced) accuracy, F1-score, and precision for the minority class (IER).
Balanced accuracy accounts for unequal class sizes by averaging
recall (true positive rate) across classes. The F1-score captures the
balance between precision (how many IER predictions were actu-
ally IER) and recall, providing a single measure of classification
performance [32].

4.1 Feature Extraction

All classifiers used their default decision threshold to ensure com-
parability. This reflects performance under standard classification
settings, as adopted from similar benchmarking efforts [7]. However,
given the strong class imbalance, this threshold may disadvantage
models that produce more conservative probability estimates (e.g.,
Random Forest). Among the reported metrics, the F1 score was the
most informative, as it captures the balance between correctly iden-
tifying inattentive responses and avoiding the misclassification of
valid ones [32]. In real-world applications (where participant com-
pensation might be at stake) F1 represents a reasonable trade-off
between fairness toward participants and data integrity.
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Figure 2: Confusion matrices comparing embedding models and classifiers. The higher total counts result from the stratified
shuffle split procedure. Each test set contains 466 cases, and with five splits, this amounts to 2,330 cases in total. Accordingly,

the matrix shown here is aggregated across all splits.

Overall, model accuracy was very high across all embedding
models and classifiers (>0.97). However, this high accuracy likely
reflects a systematic tendency to predict the majority class rather
than genuine classification performance (see Figure 2). Therefore, I
focus the interpretation on balanced accuracy, as well as F1 score
and average precision (AP) for the minority class (class 0). The con-
sistently lower values on these metrics indicate that class imbalance
is the primary challenge here, as they more accurately capture the
model’s ability to identify the minority class.

Across classifiers and embedding models, e5-instruct with logis-
tic regression achieved the highest balanced accuracy and F1 score,
indicating the most effective overall performance (see Table 1). Nev-
ertheless, the performance remained poor and it was outperformed
on AP by the Qwen and logistic regression combination.

When comparing between classifiers, logistic regression overall
yielded the highest balanced accuracy and F1 score, while per-
forming comparably to Random Forest on AP. The Random Forest
showed a distinct pattern of equal balanced accuracy (0.5) and F1
(0.0), which can be a characteristic of extreme class imbalance. In
such settings, the minority class constitutes only a small percentage
of the data, making it difficult for ensemble tree methods to form
meaningful decision boundaries. Even when accounting for class

imbalance, random forests often have difficulties when the minority
class is very small, as most splits and bootstrap samples contain
few minority examples. Which results in a model that rarely rec-
ognizes the minority class and instead predicts the majority class
most of the time [6]. Nonetheless, the non-zero AP suggests that
the model captured some signal in its ranking of minority cases,
even if this signal did not translate into correct classifications at
the 0.5 threshold.

Table 1: Performance of embedding models across classifiers.

Logistic Ridge Random Forest
Embedding Bal. Acc. F1(C0) AP (C0) Bal Acc. F1(C0) AP(C0) Bal Acc. F1(C0) AP (C0)
Qwen 0.615 0.309 0.417 0.561 0.117 0.010 0.500 0.000 0.482
e5-instruct 0.664 0.386 0.300 0.614 0.253 0.013 0.500 0.000 0.339
Gemma 0.598 0.254 0.420 0.595 0.186 0.019 0.500 0.000 0.362

Note. Bal. Acc. = Mean Balanced Accuracy; F1 (C0) = Mean F1 Score for Class 0; AP
(C0) = Mean Average Precision for Class 0. Higher values indicate better performance.

4.2 Text Generation

Both prompting approaches with GPT-40-mini showed moderate
ability to distinguish IER and ER. Balanced accuracy was relatively
high, and better in the few-shot condition: This indicates that the
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Figure 3: Confusion matrices GPT-40-mini and prompting
strategies.

model performed reasonably well in identifying both classes despite
the class imbalance. However, the F1-score and AP for the minority
class (IER) were low in both conditions.

This pattern suggests that while GPT-40-mini could roughly
identify differences between valid and invalid responses, it had
challenges to consistently recognize true ER cases. In contrast to
the feature extraction approach, it overpredicted IER, flagging valid
responses as IER too often (see Figure 3). This explains the higher
balanced accuracy, despite low scores on F1 and AP (see Table 2).
In other words, the model became slightly better overall but still
tended to misclassify many ER responses. The increase in balanced
accuracy in the few-shot condition indicates some benefit from
including examples in the prompt, but the unchanged F1 and AP
scores show that this improvement did not translate into more pre-
cise detection of the minority class where both prompting strategies
perform about equally.

Table 2: Performance of GPT-40-mini prompting approaches.

GPT-40-mini
Prompting Bal. Acc. F1(C0) AP (C0)
Zero-shot 0.823 0.289 0.183
Few-shot 0.896 0.288 0.173

Note. Bal. Acc. = Balanced Accuracy; F1 (C0) = F1 Score for Class 0; AP (C0) = Average
Precision for Class 0.

5 Discussion

This paper explored approaches for using feature extraction and
LLM text generation to detect inattentive response behaviour in
open-ended survey questions. While all approaches performed well
on majority-class predictions, none achieved satisfactory results for
the minority class. The text generation approach yielded higher bal-
anced accuracy, whereas the feature extraction approach achieved
slightly better F1 and AP scores.

5.1 Comparing Detection Approaches

Feature extraction appeared to be a promising approach due to its
low computational cost, ease of implementation, and compatibil-
ity with open-source models, making it accessible for researchers.
However, in this dataset, none of the tested embedding—classifier
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combinations produced satisfactory IER detection. The best per-
formance was achieved with e5-instruct, yet none of the config-
urations consistently outperformed the others across all metrics.
This finding suggests that performance depends on the interaction
between embedding models and classifiers, emphasizing the need
for careful evaluation of multiple configurations in imbalanced IER
classification tasks.

Text generation was tested as a more resource-intensive but
similarly accessible alternative. Interestingly, it did not perform
substantially better. It exhibited a different classification bias by
overpredicting IER. Thus, increasing false positives, whereas feature
extraction tended to overpredict valid responses at the expense
of missing IER. While few-shot prompting looked generally more
favourable, it failed to outperform zero-shot prompting consistently,
showing slightly lower AP. Overall, the findings suggest that neither
approach demonstrated robust off-the-shelf performance for IER
detection within the scope of this exploratory study.

5.2 Class Imbalance as Major Challenge

A major challenge in the dataset was the strong class imbalance,
despite using stratified cross-validation and class-weighting. While
this may partly reflect this specific dataset, it likely represents a
broader challenge in IER detection. When data are collected from
high-quality sources, most responses can be expected to be valid,
as shown in systematic evaluations [9], and many papers who
reported on data quality from these websites [28, 29, 34]. While
this is desirable and speaks for some of the platforms, this limits
the number of inattentive responses available for model training
and evaluation. For text generation, the key difficulty was the ten-
dency to overpredict IER. The underlying causes require further
systematic analysis. Nonetheless, this property could be exploited
productively for human-in-the-loop workflows.

5.3 Human-in-the-Loop Opportunities

Given the LLMs’ overprediction of IER, and very low overprediction
of ER, the text generation approach could be used in two comple-
mentary workflows:

Full human-in-the-loop annotation: A human annotator labels
the dataset, and the LLM independently classifies the same dataset.
After annotation, the classifications are compared using inter-rater
reliability metrics (e.g., Cohen’s Kappa). Discrepancies could reveal
potential IER cases missed by the researcher, or flag responses that
warrant further discussion within research teams.

Semi-automatic annotation: The LLM pre-screens responses and
flags likely IER cases, which are then reviewed by humans. This
reduces workload while maintaining quality control. However, un-
til further validation studies are available, and the tendency for
overprediction of IER is confirmed, the first workflow offers the
safer and more transparent route for rigorous research practice.

5.4 Fine-Tuning

Because this study explored existing embedding and generative
models to assess the capabilities of off-the-shelf solutions, fine-
tuning represents a logical next step. Training on open-ended sur-
vey responses annotated for data quality could enhance sensitivity
to subtle indicators of inattentiveness across different domains.



AlpCHI 2026, March 01-05, 2026, Ascona, Switzerland

However, such datasets remain scarce. Aside from the dataset used
here, I am not aware of any publicly available resources. Curating
and releasing such datasets, and subsequent fine-tuning of mod-
els on them, would constitute a substantive contribution to the
field and provide a plausible path toward reliable automated IER
detection.

5.5 Key Takeaways for HCI Researchers

Neither approach offers a robust solution for automated detection of
IER in open-ended responses in this investigation. HCI researchers
might leverage embedding-based classifiers for exploratory analy-
ses on annotated data, as they are inexpensive and straightforward
to implement. However, their tendency to miss IER in this study
might point towards limited usefulness beyond providing a light-
weight baseline, at least for data with similar characteristics.

The text generation approach might offer HCI researchers higher
detection sensitivity but also substantial overclassification. Thus,
either assisting researchers as a quality control mechanism with
the LLM acting as an independent annotator for inter-rater com-
parisons; or a triage mechanism which could surface low-effort
responses that require closer inspection. Based on the current evi-
dence the full human-in-the-loop annotation should be preferred
to ensure rigour. Improving performance will likely require further
developments of more intricate workflows, better handling of class
imbalance, or fine-tuning with suitable datasets available.

6 Limitations & Future Work

As an exploratory study, this work did not prioritise extensive hy-
perparameter tuning, model optimisation, or data augmentation,
all of which may lead to improved performance in future research.
The objective was to assess accessible, low-barrier and low-cost
approaches that can be employed by HCI researchers without ad-
vanced Al expertise. For this reason, I did not include models with
reasoning methods like chain-of-thought. I conducted preliminary
tests with GPT-5, and its performance exhibited similar overclassi-
fication patterns to GPT-4o0-mini. Thus, ultimately I chose not to
include GPT-5 in the main study due to substantially higher cost,
and the absence of a temperature parameter setting, which reduces
reproducibility. Note that more advanced models may behave dif-
ferently, and these findings should not be interpreted as a general
statement about the limits of state-of-the-art LLMs. Likewise, the
results are grounded in the characteristics of one publicly available
dataset, representing only a single HCI domain, thus, performance
may differ for other types of open-ended questions outside of PX
HCI research. However, the impact of class imbalance and the
contrasting error tendencies of embedding-based and LLM-based
pipelines offer meaningful insights for HCI researchers designing
similar workflows.

In their current form, the evaluated methods are not yet suitable
for dependable real-world deployment. However, the findings in-
dicate two promising directions for future work: integrating large
language models into human-in-the-loop workflows to improve the
robustness and efficiency of annotation processes, and pursuing
engineering-oriented enhancements through imbalanced-learning
techniques, data augmentation or fine-tuning of large language
models. This study did not include a qualitative error analysis of
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misclassified responses, which could provide deeper insight into
specific error-patterns and should be addressed in future work. Fur-
ther, the capability of LLMs to generate fluent responses which
could mask the lack of genuine effort are a new challenge that
warrants further investigation, as it was already shown that the
use of LLMs by crowdworkers is on the rise [40]. Together, these
directions can contribute to the development of more reliable and
scalable solutions for automated IER detection in open-ended sur-
vey research.

7 Conclusion

This paper examined two practical LLM-based pipelines for detect-
ing insufficient effort responding in open-ended survey data. De-
spite strong majority-class performance, neither feature extraction
nor text generation achieved satisfactory detection of the minority
class. Feature extraction delivered relatively higher F1 and AP for
IER yet missed inattentive cases, while text generation improved
balanced accuracy but overpredicted IER. Across settings, severe
class imbalance was the dominant obstacle and likely represents a
typical challenge for high-quality crowdsourced samples.

Given these constraints, using off-the-shelf embedding models
or LLMs for this cause is not currently advisable. Promising direc-
tions include human-in-the-loop workflows, where LLMs support
annotation through disagreement detection or pre-screening, and
engineering advances such as imbalanced-learning strategies and
fine-tuning on domain-specific datasets. Developing corpora and
targeted error analyses are essential for reliable, scalable IER detec-
tion in open-ended HCI data.

8 Data Availability Statement
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von Felten

A Appendix

A.1 Prompts

A.1.1  Zero-Shot. Developer: # Role and Objective Evaluate whether
a participant’s description of a digital game meets specified quality
standards.

# Instructions - Read the provided game title and description. -
Apply the following criteria: - Return 1 if the description: - Clearly
refers to a real digital game. - Accurately matches the game title
with a concrete, appropriate description. - Demonstrates a clear
memory of playing the game. - Otherwise, return 0. - If the input is
empty or malformed, return 0. # Input

title: title description: description

# Output Format -Return only a single integer value: ‘1° or ‘0°. -Do
not output any explanation or additional content. -Stop immediately
after outputting the integer. - Do not include backticks, quotation
marks, spaces, explanations, or any other text. - The output must
be a **plain integer**, not inside a code block or sentence. Output
(MUST be only 0 or 1):

# Stop Conditions - Stop after outputting the integer (‘1° or ‘0°)."""

A.1.2  Few-Shot. Developer: # Role and Objective Evaluate whether
a participant’s description of a digital game meets specified quality
standards.

# Instructions - Begin with a concise checklist (3-5 bullets) of the
steps you will take to evaluate the input. - Read the provided game
title and description. - Use the examples to compare the quality
of the response. - Apply the following criteria: - Return 1 if the
description: - Clearly refers to a real digital game. - Accurately
matches the game title with a concrete, appropriate description. -
Demonstrates a clear memory of playing the game. - Otherwise,
return 0. - If the input is empty or malformed, return 0.

# Reference Examples **High-Quality (1):** - Example 1: - title:
The Legend of Zelda: Breath of the Wild - description: I played
Breath of the Wild a while back. It’s an open-world adventure game
where you explore vast landscapes and solve physics-based puzzles.
I remember loving the freedom to experiment and the sense of
discovery throughout the world. - Example 2: - title: The Witcher
3: Wild Hunt - description: I really enjoyed The Witcher 3. The
storytelling was incredible, the characters felt real, and I spent
countless hours completing quests and exploring the countryside
on horseback.

**Low-Quality (0):** - Example 1: - title: - - description: I can’t
recall much about the game... maybe it was something web-based?
Anyway, I remember enjoying it at the time. - Example 2: - title:
Speech Rehab Game - description: This wasn’t really a standard
game; it was more like an experimental tool designed for use in a
speech rehabilitation project. # Input title: title description: descrip-
tion

# Output Format -Return only a single integer value: ‘1° or ‘0°. -Do
not output any explanation or additional content. -Stop immediately
after outputting the integer. - Do not include backticks, quotation
marks, spaces, explanations, or any other text. - The output must
be a **plain integer**, not inside a code block or sentence. Output
(MUST be only 0 or 1):

# Stop Conditions - Stop after outputting the integer (‘1° or ‘0°).
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