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Abstract
This research provides a comprehensive evaluation of an automated label detection and recommendation system that uses the Statistical Package for the Social 

Sciences (SPSS) for analysis. It focuses on the development and validation of an intelligent system designed to automatically identify and recommend labels in 
various domains such as software requirements specifications (SRS), medical imaging, customer feedback, and other related applications. To improve detection 
accuracy and operational efficiency, the system uses advanced machine learning models; specifically deep convolution neural networks (CNNs).The evaluation 
followed a multivariate framework that included six input parameters: content type, document source, language, topic, author role, and intended audience. The 
system performance was measured using five primary criteria: label accuracy, relevance, context alignment, clarity, and confidence in automation. A sample of 10 
participants was used to conduct the analysis in SPSS, and to apply reliability testing, descriptive statistics, and correlation methods. The findings showed strong 
internal consistency, with Cronbach’s alpha values ranging between 0.604 and 0.820, indicating acceptable to high reliability. The mean scores from the descriptive 
statistics ranged between 3.20 and 4.00 across all scales, with the fit score being the highest (4.00) and the clarity score the lowest (3.20). The correlation results 
revealed very high positive relationships between the variables (r = 0.891–1.000, p < 0.01), reflecting consistent user perceptions across the evaluation scales. 

The system excelled in particular in label accuracy and automation confidence, both showing near-perfect correlation values (r = 1.000). However, clarity stood 
out as a key area for improvement, showing the largest variance and lowest mean rating. Overall, the results highlight the strong performance of the system, but also 
point to the need to improve clarity and user interface elements to further enhance performance and user satisfaction.This program monitors customer traffic data 
for critical services at set intervals. It analyzes this data to identify essential services operating within system workloads and generates insights and label suggestions 
based on their traffic patterns. Additionally, it offers a structured workflow for assigning labels to these workloads and provides policy recommendations aimed at 
enhancing workload protection.
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Introduction
 This study presents two primary contributions an automated 

approach for detecting quality issues—commonly referred to as 
“doors”—in Software Requirements Specifications (SRSs), and (2) a 
recommendation mechanism that suggests rhyme patterns as corrective 
measures for these doors.[1] The proposed system was validated through 
an extensive industrial case study involving a large set of information 
system requirements from financial domain projects, highlighting the 
effectiveness of the Parka tool in detecting and correcting specification 
doors through automated label suggestions In related fields, a wide range 
of applications demonstrate the growing role of automated detection and 
label recommendation systems.[2] For instance, in medical diagnostics, 
especially diabetic retinopathy, automated tools are developed to assist 
ophthalmologists by detecting micro aneurysms and grading retinal 
images, reducing both workload and variability in manual assessments. 

Early neural networks classified different retinal conditions, laying the 
groundwork for current deep learning approaches.[3]In the domain of 
customer reviews, automated systems are used to extract customer-to-
customer (CTC) recommendations.

 These include practical tips about hotels, local attractions, or how 
to best use a product. Similarly, product reviews often include user-
suggested accessories or deal insights, offering added value through 
automated label detection and recommendation. [4]Despite the success 
of deep convolution neural networks (CNNs) in various computer vision 
tasks, they rely heavily on large volumes of annotated data. This poses 
a challenge in fields such as biomedical imaging, where data labelling 
requires expert input and is often costly. In such cases, transfer learning 
and pre-training techniques, including the use of motion-based label 
generation in micrograph analysis; help mitigate the need for extensive 
manual annotations. [5]Additional applications include heart rate 
monitoring, where automated systems detect cyclic variations linked 
to conditions like dyspnoea, serving as non-invasive screening tools. 
Meanwhile, automated response recommendation systems for email, 
though less explored, are emerging as novel problems not easily addressed 
with existing machine learning algorithms. [6]Other implementations, 
such as sensor less detectors in educational software, track student 
engagement through behavioural pattern recognition in system log files. 
These systems are tailored to specific platforms and often begin with 
human-coded observations to train the detectors. [7]In the healthcare 
domain, particularly in skin cancer research, deep learning-based 
detection systems are proving crucial. 
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They enhance diagnostic accuracy and efficiency, enabling earlier 
intervention and improving patient outcomes through faster, more reliable 
assessments.[8]Collectively, these diverse applications underscore the 
versatility and impact of automated detection and label recommendation 
technologies across sectors, from software engineering to healthcare and 
customer service.. [9] The need for automated troll detection in social 
media is increasingly critical due to the various motives, behaviours, 
and forms of trolling, which pose a threat to the integrity of online 
conversations and the credibility of public opinion.[10]To tackle this 
issue, several researchers have developed troll detection algorithms. In 
this study, we adapt an automated form-filling approach to identify data 
anomalies. Unlike the original online usage of form-filling systems, we 
modify these methods to function offline for predictive analysis. [11]
Typically, form-filling methods provide users with a ranked list of results. 
To effectively detect anomalies, we aim to utilize the full range of this 
output. 

One common approach for automated data labelling is keyword 
detection, where a predefined set of keywords is used to identify relevant 
content in text data. [12] This technique is popular due to its simplicity and 
effectiveness in ensuring that documents containing the target keywords 
are identified. In another domain, a standard model has been proposed 
for representing pavement surface images by combining essential features 
to enhance data quality and automate data collection.[13] However, this 
model does not elaborate on how it could be integrated into crack detection 
or classification systems. Similarly, automated methods for detecting 
and counting micro aneurysms in digital fluoresce in angiograms have 
shown promising results compared to manual evaluations. Nevertheless, 
the use of intravenous fluoresce in for automated detection is considered 
too invasive for routine screening, and the efficacy of oral fluoresce in 
remains uncertain.[14]In medical imaging, computed tomography (CT) 
is widely used for early detection of lung cancer. Automated systems 
assist in classifying lung nodules as either benign or malignant. Medical 
professionals often rely on features such as the shape and surface texture 
of nodules—benign nodules tend to be smooth and regularly shaped, 
whereas malignant ones are more likely to have rough, irregular surfaces. 
[15]

Material and Method
 Input Parameters:

Content Type: In web development and data communication, a content 
type (also called a MIME type or media type) defines the format and 
nature of the data being sent or received—whether it’s a file, document, 
or data stream. Correct identification of content type is crucial for web 
servers and browsers to accurately interpret and process the exchanged 
data.

Document Source: A source document serves as the original record 
of a transaction. It offers proof of a business activity and supports the 
recording of accounting entries. Common examples include receipts, 
bank statements, purchase orders, and invoices.

Language: Language is a structured system of communication made 
up of vocabulary and grammar. It is the fundamental tool humans use to 
express meaning and convey ideas.

Topic: A topic refers to the subject or theme being discussed, explored, 
or presented. Whether it’s an article, a paper, or a documentary, the topic 
represents the central idea—such as renewable energy, lunch menus, 
boxing, or abstract cinema.

Author Role: An author’s main responsibility is to create and publish 
written content—ranging from books to articles and other formats. They 
generate ideas, structure narratives, and communicate messages to their 

audience, all while ensuring the work’s originality, accuracy, and integrity.

Intended Audience: The intended audience is the specific group of 
individuals a piece of communication, product, or service is aimed at. This 
audience is considered during the creation process to ensure the message 
or offering is relevant and appropriately tailored.

Evaluation Parameters 

Accuracy of a Label: Accuracy refers to how correct or precise a label 
or measurement is, indicating how closely it aligns with a true or standard 
value. In scientific contexts, it represents the absence of error or deviation 
from the actual measurement.

Relevance: Relevance is the degree to which something is directly 
connected or significant to the subject in question. Information is 
considered relevant when it has a meaningful relationship to the topic 
being discussed or analyzed.

Contextual Fit: Contextual fit describes how well a solution or action 
aligns with the specific environment in which it is applied. This includes 
compatibility with the values, culture, skills, resources, and needs of that 
setting, ensuring it is not only effective but also sustainable and practical.

Clarity: Clarity means being clear and easy to understand, whether 
in writing, speech, or thought. It implies the elimination of ambiguity 
and confusion, enabling straightforward comprehension of the intended 
message.

Automated Trust: Automation refers to using technology to operate 
systems or processes without human intervention. Automated trust 
extends this by relying on these systems to consistently and accurately 
manage the delivery and quality of goods and services.

SPSS method:

Two versions of Generalizability Theory (G theory) programs have 
been developed in SPSS and SAS formats. The first version, G1, is more 
user-friendly but supports a narrower range of research designs. The 
second version, G2, requires slightly more user input but offers greater 
flexibility in terms of research design options, analysis features, and output 
customization. Additionally, a MATLAB version of the G1 program 
is also available. [16]Despite the existence of these tools, many of the 
techniques described in related resources have not yet been incorporated 
into mainstream statistical software like SPSS and SAS. In some cases, 
data analysts must turn to separate programs to conduct specific analyses. 
[17]At the University of Batajara, the inclusion of SPSS training in the 
psychology curriculum is intended to help students perform a wide range 
of statistical analyses with ease.

 The goal is to make statistics more approachable and to foster positive 
attitudes toward the subject, ultimately improving student performance. 
[18]SPSS is a widely adopted tool for statistical analysis across the social 
sciences. It is commonly used by professionals such as market and health 
researchers, survey organizations, government agencies, academic 
institutions, marketing firms, and data analysts. Its original manual has 
been regarded as one of the most influential publications in sociology for 
empowering non-experts to conduct their own statistical analyses. [19]
When comparing the Box-Jenkins method to SPSS’s Expert Modeller, it 
was found that both approaches produce similar parameter estimates, 
model statistics, and forecast results. [20]SPSS also supports data 
aggregation, which involves calculating summary statistics—such as group 
means—and creating a new data structure file with one record per group. 
These aggregated files contain summary variables, allowing researchers 
to analyze network-level statistics, such as average interaction frequency, 
and the proportion and number of network members providing emotional 
support. [21] SPSS includes data aggregation capabilities, allowing users 
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to compute summary statistics such as group means and to generate a new 
data file where each row represents a summarized group. 

These aggregated datasets help researchers analyze network-level 
indicators, including the average frequency of interactions and the 
number or proportion of network members offering emotional support.
[22]The analysis suggests that the data are highly positively skewed, 
making the mean an appropriate measure of central tendency. Based 
on this, it can be concluded that, on average, students attend aerobics 
classes more frequently each month than employees. SPSS also provides 
tools for visualizing this data, including the creation of box plots. [23]
This study did not involve any direct fieldwork. Instead, it relies on a 
structured interpretive model supported by various empirical studies and 
secondary data sources related to SPSS and data analysis. [24]Unlike most 
spreadsheet software, SPSS’s Data Editor can open only one dataset per 
window. 

However, users can open multiple Data Editor Windows, each with 
a separate dataset. These are referred to as “working datasets,” and 
any analysis or data manipulation is performed on them. [25]When 
following the SPSS approach outlined in this study, calculating effect 
sizes is unnecessary, as the method uses sample statistics directly for 
modelling and hypothesis testing. [26]Over the past decade, my passion 
for quantitative methods has grown significantly. I completed a master’s 
degree in applied statistics and began teaching quantitative analysis to 
both undergraduate and graduate students. My experience with SPSS has 
shown that even students who are intimidated by numbers can develop the 
skills needed to conduct high-quality quantitative research. [27]It’s time 
for medical professionals to stop fearing statistics and to stop outsourcing 
their data analyses to statisticians using tools like SAS or SPSS. This 
approach—often referred to as data mining—misses the broader potential 
of statistical methods, which go far beyond simply producing p-values. 
[28]In the field of agricultural engineering, there is a growing need for 
graduates with strong skills in data processing and analysis. As a result, 
SPSS data analysis has become a core course in the master’s program in 
Agricultural Machinery Engineering. [29]SPSS is continuously being 
updated and enhanced. Each major revision brings a new version of the 
software. For the analysis presented in this paper, access to the Windows 
version of SPSS is required. [30]

Result and Discussion

Table1: presents reliability statistics using Cronbach’s Alpha

Reliability Statistics

Cronbach’s Alpha Cronbach’s Alpha Based on 
Standardized Items

N of Items

.604 .820 6

Table1presents reliability statistics using Cronbach’s Alpha. The value 
is 0.604, while the standardized alpha is 0.820, indicating moderate to 
high internal consistency. The analysis is based on 6 items, suggesting 
acceptable reliability for the scale. Standardized alpha shows improved 
consistency compared to raw scores.

Table 2. Reliability Statistic individual

Cronbach’s Alpha if Item Deleted

Accuracy of Label .306

Relevance .386

Contextual Fit .355

Clarity .406

Automation Confidence .306

Table2 shows Cronbach’s Alpha if each item is deleted. Values range 
from 0.306 (Accuracy of Label,Automation Confidence) to 0.406 (Clarity), 
suggesting that removing any item does not significantly improve 
reliability. The low alphas indicate weak internal consistency, implying the 
scale may need refinement or more items for better reliability.

Histogram Plot 

Figure 1: Accuracy of label

Figure1 the Accuracy of Label variable (N=10) shows a mean of 3.90 
(median=4.00, mode=4) with low dispersion (SD=0.738). The 25th-75th 
percentiles (3.00-4.25) indicate consistent ratings. Compared to other 
variables, it demonstrates higher central tendency and lower variability, 
suggesting respondents generally agreed on label accuracy. Clarity showed 
more variation (mean=3.20, multiple modes).

Figure 2: Relevance

Figure2 Relevance scored highest among variables (mean=4.00, 
median=4.00, mode=5) with moderate variation (SD=1.054). The 70th 
percentile reached maximum (5.00), indicating strong user perceptions 
of relevance despite some score dispersion. Compared to other factors, 
Relevance maintained both the highest central tendency and broader 
score distribution, suggesting its relative importance in user evaluations.
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Table 3. Descriptive Statistics

  N Range Minimum Maximum Sum Mean Mean Std. 
Deviation

Variance Skewness Kurtosis Kurtosis

Statistic Statistic Statistic Statistic Statistic Statistic Std. 
Error

Statistic Statistic Statistic Std. 
Error

Statistic Std. Error

Accuracy of 
Label

10 2 3 5 39 3.90 .233 .738 .544 .166 .687 -.734 1.334

Relevance 10 3 2 5 40 4.00 .333 1.054 1.111 -.712 .687 -.450 1.334

Contextual Fit 10 3 2 5 36 3.60 .306 .966 .933 .111 .687 -.623 1.334

Clarity 10 3 2 5 32 3.20 .327 1.033 1.067 .272 .687 -.896 1.334

Automation 
Confidence

10 3 2 5 38 3.80 .291 .919 .844 -.601 .687 .396 1.334

Valid N (list 
wise)

10

Table3 summarizes key metrics for five variables (N=10). Mean scores range from 3.20 (Clarity) to 4.00(Relevance), with standard deviations 
between 0.738–1.054, indicating moderate variability. Skewness and kurtosis values suggest near-normal distributions. The low sample size (10) limits 
generalizability, requiring cautious interpretation of trends.

Table 4. Frequencies Statistics
Statistics

Accuracy of Label Relevance Contextual Fit Clarity Automation Confidence
N Valid 10 10 10 10 10

Missing 0 0 0 0 0
Mean 3.90 4.00 3.60 3.20 3.80
Median 4.00 4.00 3.50 3.00 4.00
Mode 4 5 3 2a 4
Std. Deviation .738 1.054 .966 1.033 .919

25 3.00 3.00 3.00 2.00 3.00
70 4.00 5.00 4.00 4.00 4.00
75 4.25 5.00 4.25 4.00 4.25

a. Multiple modes exist. The smallest value is shown

Table4 presents descriptive statistics for five variables (N=10, no missing data). Mean scores range from 3.20 (Clarity) to 4.00 (Relevance), with 
medians mostly at 4.00. Standard deviations (0.738–1.054) indicate moderate spread. Clarity has multiple modes (lowest: 2), while other variables show 
consistent central tendencies. Percentile values highlight score distributions.

Figure 3: Contextual fit

Figure3 Contextual Fit showed moderate ratings (mean=3.60, 
median=3.50) with a mode of 3, indicating room for improvement. 
Its standard deviation (0.966) suggests reasonable agreement among 
respondents. The interquartile range (3.00-4.25) reveals most scores 
clustered in the middle range, positioning it between higher-rated factors 
like Relevance and lower-rated Clarity.

Figure 4: Clarity

Figure4 Clarity received the lowest mean score (3.20) among all 
variables, with median=3.00 and multiple modes (lowest=2). The relatively 
high standard deviation (1.033) and wide percentile range (2.00-4.00) 
indicate significant variability in user perceptions. These results suggest 
clarity is the most inconsistent aspect, potentially requiring targeted 
improvements in communication or design.
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Figure 5: Automation confidence

Figure5 Automation Confidence showed strong performance (mean=3.80, median/mode=4.00) with moderate variation (SD=0.919). The 25th-75th 
percentile range (3.00-4.25) indicates consistent positive ratings, positioning it as the second-highest rated factor after Relevance. These results suggest 
users generally trust the automated system, though some variability remains in confidence levels.

Table 5: All variables show extremely strong positive correlations 

Correlations

  Accuracy of Label Relevance Contextual Fit Clarity Automation Confidence

Accuracy of Label 1 .894** .956** .959** 1.000**

Relevance .894** 1 .891** .906** .957**

Contextual Fit .956** .891** 1 .925** .956**

Clarity .959** .906** .925** 1 .959**

Automation Confidence 1.000** .957** .956** .959** 1

*. Correlation is significant at the 0.05 level (2-tailed).

Table 5 All variables show extremely strong positive correlations (r=0.891-1.000, p<0.01), indicating highly consistent respondent patterns across 
dimensions. Automation Confidence and Accuracy of Label demonstrate perfect correlation (r=1.000). These near-perfect interrelationships suggest 
potential redundancy in measurement or a halo effect influencing uniform responses across all evaluation criteria.

Conclusion
 Based on a thorough evaluation of the automated label detection 

and recommendation system using SPSS analysis, several important 
conclusions can be drawn. The system exhibits solid overall performance, 
with reliability ranging from acceptable to high, as reflected in Cronbach’s 
alpha values between 0.604 and 0.820. Descriptive statistics indicate 
generally favourable user responses, with mean scores for all evaluation 
criteria falling between 3.20 and 4.00. Notably, the relevance of label 
suggestions received the highest average score (4.00), suggesting that users 
found the recommendations highly applicable to their needs. Automation 
trust followed closely with a mean score of 3.80, indicating a strong level 
of confidence in the system’s automated functions. Correlation analysis 
revealed extremely high positive relationships across all evaluation 
variables (r = 0.891–1.000, p < 0.01), with a perfect correlation observed 
between automation trust and label accuracy (r = 1.000). These results 
highlight consistent user perceptions, though they may also suggest 
possible measurement overlap or halo effects that require further study. 

However, clarity emerged as the main area for improvement. It received 
the lowest average rating (3.20) and showed the greatest variability in 
responses, indicating that users encountered difficulties in understanding 
or interpreting the systems automated suggestions. While performance in 
terms of accuracy and relevance is strong, limited clarity can hinder the 

system’s practical effectiveness. The study confirms that deep convolution 
neural networks significantly enhance automatic label detection across a 
range of fields—including software requirements specification, medical 
imaging, and customer feedback analysis. The system’s capacity to 
integrate multiple input factors (such as content type, document source, 
language, topic, author role, and target audience) while preserving 
high detection accuracy represents a major advancement in intelligent 
labelling technologies. For future development, efforts should focus 
on improving the clarity of the user interface and the communication 
of recommendations, without compromising the system’s strengths in 
accuracy and relevance. Additionally, increasing the sample size beyond 
the current 10 participants would improve the generalizability of the 
findings and offer stronger evidence of the system’s effectiveness across 
different user groups and domains.
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