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These signals can be stored on thinkspeak server
or on any other server [11] (shown by Laptop in block
diagram in figure 2).

Conclusion. We can conclude that this paper fo-
cuses on design of a system in which all the devices,
gadgets, appliances that operates from Brain. It will
remove all hurdles which are used in previous systems.
That means we don’t need to use any intermediate
devices to control any other devices, appliances etc.
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Abstract. The use of email as a key form of communication has led to an increase in uninvited and potentially
hazardous spam messages. This study presents a comprehensive approach to classifying emails as either spam
or ham using logistic regression. Leveraging a dataset obtained from Kaggle, we performed extensive exploratory
data analysis (EDA) with visualizations such as pie charts, bar plots, and confusion matrices. Using performance
parameters like accuracy, precision, recall, and F1 score, the model's potential for prediction was assessed. In order
to facilitate smooth interaction for real-time email classification, Streamlit was also used to develop an intuitive
application. This work demonstrates the utility of logistic regression in tackling the spam problem while paving

the way for further exploration using advanced machine learning models.
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Introduction. Email communication is integral to
modern digital interactions, but it is increasingly plagued
by spam messages that waste time, reduce productivity,
and pose security risks. Spam filters are vital for
distinguishing between spam and legitimate (ham)
emails. Machine learning (ML) offers automated,
scalable solutions to this problem. The usefulness of
«logistic regression», a popular supervised machine
learning algorithm, for spam detection is investigated in
this work. This study has three goals in mind:

To use exploratory data analysis in order to com-
prehend and visualise the dataset.

To build and evaluate a logistic regression model
for spam classification.

To deploy the model using Streamlit for real-
world usability.

Dataset Description.

The dataset, sourced from Kaggle, contains thou-
sands of labeled emails. Each email is classified as
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either spam or ham, with features such as email con-
tent, metadata, and sender information[1].

— Dataset Characteristics:

— Total Records: 5,572 emails.

— Features: “Text” (email content), “Label” (spam
or ham).

To ensure a reliable model evaluation, the dataset
was divided into training (80 %) and testing (20 %)
subsets. Tokenisation, stop-word removal, and TF-
IDF  (“Term  Frequency-Inverse = Document
Frequency”) feature extraction were among the text
preparation methods used.

Methodology.

Data Preprocessing.

Spam emails a menudo contian noise tales como
HTML tags, punctuations characteres especial-
es.processing involves:

— Converting text to lowercase.

—Removing HTML tags and non-alphanumeric
characters.

— Tokenizing and stemming.

— Extracting features using TF-IDF to convert
textual data into numerical vectors for model training.

Model Training

Because of its ease of use and efficiency in binary
classification tasks, logistic regression was chosen.
The preprocessed training dataset was used to train
the model. Grid search was used for hyperparameter
optimization in order to maximize performance.

Deployment

The trained model was integrated into a Streamlit
application, providing users with an intuitive inter-
face for email classification. Users can input email
text into the app and instantly receive predictions in-
dicating whether the email is spam or ham.

Deployment. The trained model was integrated
into a Streamlit application, providing users with an
intuitive interface for email classification. Users can
input email text into the app and instantly receive pre-
dictions indicating whether the email is spam or ham.

Exploratory Data Analysis (EDA).

Visualizations were employed to gain insights into the
dataset:

Table 1 — Model Performance

Spam vs. Ham Email Counts

Spam Ham
category

Figure 1 — The frequency of key terms indicative of spam,
such as “free”, “win”, and “money”

Spam vs. Ham Email Distribution

Figure 2 — Distribution of Spam versus Ham Emails

The figure 2 revealed a clear imbalance between spam
and ham emails, emphasizing the importance of addressing
class imbalance during model training. Key terms identified
in bar plots provided insight into patterns that distinguish
spam emails.

Results and Discussion.

Confusion Matrix

TFue label

m Sp:
Pregicted label

Figure 3 — Confusion Matrix: Evaluate model
Performance

ROC Curve

True Positive Rate

False Positive Rate

Figure 4 — Performance Evaluation using ROC curve

Method / -
SStudy/Paper Algorithm Accuracy | Precision Recall F1 Score Remark
This Study Logistic 98 % 949 929 93 9 Balanced precision and recall; Streamlit
Regression deployment for real-time use
Ekramul Haque Enhanced Logistic Up to Not Not Not Feature engineering with TF-IDF, RFE,
Tusher et al., 2024 Regression 98 % specified specified specified PCA
Kaggle Dataset Logistic o Not Not Not .
Example, 2025 Regression 9% specified | specified | specified High accuracy on Kaggle dataset
Asif Karim et al., Various Machine Up to 99 Not Not Not Includes logistic regression among best
2019 Learning % specified | specified | specified models
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Figure 5 — Performance Evaluation using ROC curve
Spam Email Detection

ail to classify it as Spi

Classi

Figure 6 — Deployment Screen Showcasing Funtionality

The confusion matrix revealed minimal false positives
and false negatives, demonstrating the model’s reliability.

Deployment Results. The Streamlit application per-
formed well in real-world scenarios, offering immediate
and accurate predictions. The interactive interface allowed
users to experiment with different email inputs and under-
stand the model’s behavior.

Conclusion. This study demonstrates how well logistic
regression works to detect email spam. Performance meas-

VIK 621.3.049.76

urements and visualizations highlight the model's resili-
ence. Real-time email classification is made possible by the
Streamlit application, which increases usefulness. Even
while logistic regression worked well, more sophisticated
machine learning models like random forests or deep learn-
ing might be investigated in future studies to further im-
prove accuracy.
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JIABEPHASI OBPABOTKA KPEMHUSA U151 CO3JJAHUS MUKPOMEXAHNYECKHUX
YYBCTBHUTEJIbBHBIX JIEMEHTOB
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AHHoTanus. B pabore paccMarpuBaeTcsi HCIOJB30BaHUE JIA3epHON 00pPaOOTKU KPEMHHMS Ul CO3JAHUs BBICO-
KOYYBCTBHUTEJIBHBIX NAaTYMKOB yIJla HAKJIOHA M ra3oBOro MukpoaHaiu3a. [IpoBeiéH aHaM3 TEXHOJOTMYECKHX
ocobeHHOCcTel (OPMUPOBaHHS U €€ BIMSIHUS Ha apaMeTPhl CEHCOPOB.

KioueBble caoBa: KpeMHHH, YyBCTBUTEIBHBINA 3JIEMEHT yIjla HAKJIOHA W TAa30BOTO MUKPOAHAIH3a, Ja3epHas
00paboTka, HAaBUTAIIMOHHBIE CUCTEMBI.
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Abstract. The work considers the use of laser treatment of silicon to create high-sensitivity angle sensors and gas
microanalysis. The analysis of technological formation and its influence on sensor parameters was carried out.
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BBenenmne. HaBurannonusle cucremsl TpeOyroT
BBICOKOW TOYHOCTH W CTaOMIIBHOCTH TIPH H3MEPEHUU
YTJI0B HAaKJIOHA B YCJIOBHSIX BUOPAIHIA B TEMIIEpaTyp-
HBIX KosleOannii. OMHUM W3 MEPCIeKTHBHBIX HAIIPaB-
JICHUH SBJSIETCS MCIIONIb30BAHME Ja3epHONH 00paTKu
KpeMHHS TIpH (GOPMHUPOBAHMHM KOHCTPYKIHH UYB-
CTBHUTENBHOTO 31€MeHTa. JlaTulK HaKJIOHA U3MEpSAeT
U3MEHEHNUE TO0JI0KEHUS MacChl MO IEHICTBUEM CHIIbI
TsDKecTH. BHYTpH KpemHueBoro uuna ¢Gopmupyercs
HOJBUKHAS MeXaHuuecKas CTPYKTypa -

MHEPLMOHHAsT Macca, MOJBEUICHHas Ha YNPYTUX
Mo/IBecax TOJNIIMHA ToaBecoB [1].

MeTtoabl M1 MaTepuaJbl. J[aTyuky yria HaKJIoOHa,
KaK TPaBWIO, OTHOCATCS K KaTErOpHUH HHEPIHaib-
HBIX MHKPOMEXaHHYECKUX IaTUYMKOB, KyJla TaKXKe
BXOJIAT aKCEJIEPOMETPHI i THPOCKOITHL. VX pon3Bo-
CTBO 0a3upyeTcs Ha CTAHAAPTHBIX MPOIECcCaX MUKPO-
3NEKTPOHUKH, alallTUPOBAHHBIX Ul CO3JaHUs TPEeX-
MEpHBIX MEXaHUYECKUX CTPYKTYp. B mpousBoactse
MOMC  ucnonp3yercss  MOHOKPUCTAJUIMYECKHUN
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