1 Appendices
2 Appendix A. Exact English-Language Prompt Used in the Reported LLM Runs
The original English-language prompt used in all reported GPT-5.5 and GPT-5.6 Sol validation runs is reproduced verbatim below, including its original output-format requirements.
You are a sentiment classifier for Czech user reviews of mobile applications.
Classify each review independently into exactly one of the following categories:
"positive"
"neutral"
"negative"
Classify the author's overall attitude toward the mobile application, its functions, usability, or technical operation.
Apply the following rules:
"positive": satisfaction, praise, recommendation, appreciation of functionality, or another positive experience with the application predominates;
"negative": dissatisfaction, complaint, criticism, failure, frustration, rejection of the application, or another negative experience predominates;
"neutral": the review is predominantly factual or descriptive, contains only a question or request, is mixed with no clear predominance of a positive or negative attitude, or does not express a discernible sentiment.
Assess the meaning of the review as a whole, not merely individual words. If a review contains both positive and negative elements, choose the sentiment that predominates in the overall evaluation. If neither a positive nor a negative attitude clearly predominates, or if the sentiment cannot be determined reliably, use "neutral".
Assess each review independently. Do not carry decisions over from previous reviews, and do not attempt to maintain any particular distribution of positive, neutral, and negative outcomes.
Use only the review text for classification.
Return only an Excel file containing the reviews and their sentiment. Preserve the original review IDs and order.
[
{
"id_recenze": "<original review ID>",
"sentiment": "positive|neutral|negative",
"poradi_recenze": <original review order>
}
]
No input review may be omitted or added. Do not modify the content of the original cells, and do not add explanations, comments, summaries, or other new columns.
Process reviews in batches of no more than 100 records. Batches are solely an internal workflow. The final output must always be a single Excel file containing all input reviews and their resulting sentiment.
3 Appendix B. Confusion Matrix and Class-Specific Performance of the GPT-5.6 Sol Final Corpus Run
The following tables report the complete results for the 500-review validation subset extracted from the GPT-5.6 Sol final corpus run and evaluated against the adjudicated ground truth.
Table B1. Confusion Matrix Against the Adjudicated Ground Truth (n = 500)
	Model class-prediction
Ground-truth class
	Predicted negative
	Predicted neutral
	Predicted positive
	Total

	Negative
	316
	13
	0
	329

	Neutral
	5
	28
	4
	37

	Positive
	0
	5
	129
	134

	Total
	321
	46
	133
	500


Note: Rows represent the adjudicated ground-truth categories and columns represent the classifications produced by the GPT-5.6 Sol final corpus run for the embedded validation sample.
Source: Authors' analysis
Table B2. Class-Specific Performance of the GPT-5.6 Sol Final Corpus Run
	Class
	Ground-truth support
	Predicted support
	Precision
	Recall
	F1

	Negative
	329
	321
	0.984
	0.960
	0.972

	Neutral
	37
	46
	0.609
	0.757
	0.675

	Positive
	134
	133
	0.970
	0.963
	0.966


Note: Precision, recall, and F1 were calculated separately for each class using a one-versus-rest definition. Values are rounded to three decimal places.
Source: Authors' analysis
Table B3. Descriptive Performance of the GPT-5.6 Sol Final Corpus Run by Application
	Application
	Validation reviews (n)
	Misclassified reviews (n)
	Accuracy
	Ground-truth neutral reviews (n)

	EZKarta
	221
	14
	93.7%
	20

	eDoklady
	129
	6
	95.3%
	8

	Klíč eGovernmentu
	69
	0
	100.0%
	4

	Portál občana
	42
	3
	92.9%
	4

	eRecept
	29
	2
	93.1%
	1

	JENDA
	10
	2
	80.0%
	0


Note: These estimates are descriptive. The subgroup sizes and neutral-class supports are too small for reliable comparisons of classification performance across applications.
Source: Authors' analysis
Table B4. Pairwise Comparisons of Model-Assigned Sentiment Distributions Across Applications
	Application pair
	χ²(2)
	Holm-adjusted p
	Cramer's V

	eDoklady-EZKarta
	73.846
	< .001
	0.102

	eDoklady-eRecept
	72.908
	< .001
	0.150

	eDoklady-JENDA
	42.666
	< .001
	0.123

	eDoklady-Klíč eGovernmentu
	23.606
	< .001
	0.077

	eDoklady-Portál občana
	49.209
	< .001
	0.119

	EZKarta-eRecept
	41.583
	< .001
	0.090

	EZKarta-JENDA
	26.423
	< .001
	0.075

	EZKarta-Klíč eGovernmentu
	147.665
	< .001
	0.158

	EZKarta-Portál občana
	18.187
	< .001
	0.058

	eRecept-JENDA
	2.902
	.234
	0.060

	eRecept-Klíč eGovernmentu
	116.725
	< .001
	0.242

	eRecept-Portál občana
	6.675
	.071
	0.068

	JENDA-Klíč eGovernmentu
	64.796
	< .001
	0.202

	JENDA-Portál občana
	10.324
	.017
	0.099

	Klíč eGovernmentu-Portál občana
	97.583
	< .001
	0.208


Note: Each row reports a Pearson chi-square test of the 2 x 3 contingency table for the indicated pair of applications and the three model-assigned sentiment categories. P-values were adjusted across all 15 comparisons using the Holm method. Cramer's V is reported as a pair-specific effect size. Values concern model-assigned label distributions rather than independently verified application-level sentiment prevalence.
Source: Authors' analysis
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