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HEOOXOIMMO HX HOpPMajlH30BaThb W NPUBECTH K EAMHOW CHCTEME. WTOrOBOE 3HAUYEHHE WHAEKCa
KOMIUJIEKCHO OTpakaeT oO0lee TI'e0’KOJIOrHYecKoe COCTOSIHME TeppuTopuu. B HacTosiiee BpeMsi B
MEXIyHApOJIHOM Macintade pa3padoTaHO MHOXECTBO HMHICKCHBIX CHCTEM, Takux Kak Environmental
Performance Index (EPI), City Sustainability Index, Ecological Footprint, [12] koTopslie paziudaroTcs
CBOMMH IOJIXOAaMHU H METOJIAMH.

MHoroxkputepuainsubiii aHaau3 (Multi-Criteria Analysis) OCHOBaHHBI Ha HHCTPYMEHTax
TEOPUM NPHUHATUS PELICHUH, MO3BOJISET IPOBOIUTH KOMIUIEKCHYIO OLIEHKY CHCTEM C MHOXECTBOM
nokazareneid. C momompto MetogoB MCDM (Multi-Criteria Decision Making) [5]MoxHO aHanmu3upoBath
T'€0’KO0JIOTUIECKOE COCTOSIHUE TEPPUTOPHH HA OCHOBE HECKOJIBKHX KPUTEPHUEB.

Hanpumep, 4ToOBl OLIEHUTH TOPOJ KaK 3KOJIOTMYECKH ONaronpusTHbIM, HEOOXOAMMO BBICOKOE
Ka4yecTBO BO3/lyXa, BOJABI U 3€JCHBIX 30H, HO JJIs OIpEAEICHUs, KaKOW U3 HUX MMeeT Ipeodiajarolee
3HaYeHHUE, TpeOyeTCss MHOTOKpUTEpHATIbHBIN aHATU3.

B 3TOM MeToe Ha OCHOBE MHEHHI SKCIIEPTOB KPUTEPHUAM IIPUCBAUBAIOTCA BECA, a 3aT€M BAPHAHTHI
OLIEHMBAIOTCS Yepe3 3TU Beca. Ha mpaxkTuke MIMPOKO MPUMEHSIOTCA TaKUEe METOJIbl, KaK AHaJIUTUYECKUM
uepapxuueckuii npouecc (AHP), TOPSIS, EVAMIX[12].

CHauana cTpouTCs HepapXusi KpUTEPHEB OLECHKH: HAPUMEp, MO0 «IKOJIOTHIECKUM COCTOSHUEM»
HaxonsaTcst Kpurepuu «Bosnyx», «Boma», «llouBay», moJ KOTOPBIMHM pPa3MEINAIOTCS OIpPENesISoIue
nHauKaTopel (PM> 5, BHMs,K0MM4ecTBO TSXKENBIX METAIIIOB U 11p.)[5].

3areM OJKCIEpThl ONPEACISIIOT BaXKHOCTh KaXKAOTO KpUTEpUs (HampuMmep, KadyecTBO BO3AyXa
CUUTACTCSl HanOoJIee BaYKHBIM KPUTEPUEM JUTS 3I0POBbsI UesioBeka). B pesynbrare hopmupyrorcs 6amist
[0 KaXIOMY KpPUTEPHIO U TIOJIy4aeTcsi HHTEIPUPOBAHHAsI UTOIOBasi OLICHKA.

OCHOBHOE MPEUMYIIECTBO MHOTOKPHUTEPHAIBHOTO aHaIM3a - OH JAeNacT MPOLEcC MPO3payHbIM U
ajanTuBHbIM. Hampumep, eciiu KpUTEPHIO «IOJs 3€JIEHBIX HacaxICHUI» NpUaaTh Oosbliee 3HaUCHHE,
001 peHTUHT TopoJa ¢ OOJIBIINM KOJIMYECTBOM Ca/I0B U MAPKOB PE3KO BO3PACTET.

CerogHs 3TOT METOA MOIyYaeT JanbHeimiee pazsuthe B uHTerpauuu ¢ I'MC-rexnonorusmu|10].
Oco0eHHO TPOCTPAaHCTBEHHBII MHOTOKPUTEPUANBHBIA aHAJIN3 CTAHOBUTCS Ba)KHBIM HHCTPYMEHTOM B
TEPPUTOPUAIIEHOM IIJIAHUPOBAHUH, I103BOJISISI OITUMHU3UPOBATE PEIICHHS HA OCHOBE KapT.

3axmoyenue. CorjmacHoO pe3yibTaTaM HCCIEIOBAaHUS, XOTS MHOTHE YUYEHBIE HCIOJIb30BaIN
pa3nUYHbIE METOMBI AJIS OLEHKU T'€0IKOJOTHYECKOTO COCTOSHMS YpOaHM3MPOBAHHBIX TEPPUTOPUH, MBI
MO’KEM BBLAEIUTh PEUTHHIOBYIO OLIEHKY, OLIEHKY Ha OCHOBE MHJIEKCOB U METOAbl MHOTOKPUTEPHAILHOTO
aHaJIM3a Kak 00001IaroIe 1 HanboJjiee COBEPILICHHBIE.
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Annotation: We review current methods, datasets, and translational milestones including the first
FDA-cleared blood-based test for AD pathology and propose best practices and a roadmap for clinical

adoption of Al-assisted early detection.
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Annotatsiya: Maqolada amaldagi usullar, ma’lumotlar to‘plamlari, targ‘ibot sohasidagi yutuglar,
shu jumladan AD patologiyasini aniglash bo‘yicha FDA tomonidan tasdiglangan birinchi qon testi ko‘rib
chigiladi hamda Al yordamida erta aniglashni klinik amaliyotga joriy etish uchun eng yaxshi tajribalar va
“yo‘l xaritasi” taklif etiladi.

Kalit so‘zlar: Alsgeymer kasalligi, erta aniqlash, sun’iy intellekt, mashina o‘rganish, biomarkerlar,
neyrovizualizatsiya, izohlanadigan Al, multimodal integratsiya.

1. Introduction. Alzheimer’s disease is a progressive neurodegenerative disorder characterized
pathologically by accumulation of amyloid-p (AP) plaques and tau neurofibrillary tangles. Early
(preclinical/prodromal) detection is essential for patient selection for therapies and for better
prognostication. Traditional diagnostics (clinical exam, PET imaging, CSF assays) are informative but
costly, invasive, or not widely available. Al approaches leverage patterns in multimodal data to detect
disease signals earlier and at scale. Recent regulatory and biomarker advances (e.g., FDA clearance of the
Lumipulse plasma p-tau217/AB1-42 ratio) mark inflection points toward clinical utility.

2. Background & rationale

2.1 Biological markers and modalities

e Neuroimaging: Structural MRI shows regional atrophy (e.g., hippocampus); FDG-PET measures
hypometabolism; amyloid and tau PET provide direct pathology imaging.

¢ Biofluid biomarkers: Plasma p-tau217 and p-taul81, neurofilament light (NfL), and glial
fibrillary acidic protein (GFAP) are emerging as scalable blood tests with strong predictive value for
future AD dementia. Combining plasma p-tau217 with other markers improves predictive power.

¢ Cognitive and clinical assessments: Composite neuropsychological tests and digital cognitive
assessments remain important inputs for model training.

. Analytical . . Al Integration
Biomarker Analyte Type Method Diagnostic Role Potential
Phosphorylated Immunoassay / Strong early marker | High — numeric input
p-tau217 . mass
tau protein of tau pathology for ML models
spectrometry
AP42 / AB40 Amyloid-f Early amyloid Moderate — useful
. . Immunoassay . .
ratio peptides accumulation with tau
Neurofilament Axonal injury SIMOA / Neurodegeneration High — adds non-
Light Chain marker ELISA indicator specific
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(NfL) neurodegeneration
info

GFAP Ast'rocytlc SIMOA Reﬂects . High — improves
activation neuroinflammation model discrimination
p-taul81 Phosphorylated Immunoassay Early to mid-stage Moderate — supports

tau marker staging
Table-1: Summary of Blood Biomarkers in Early Alzheimer’s Detection
2.2 Why AI?

Al models, particularly convolutional neural networks (CNNs) and transformer-based
architectures, can detect subtle patterns across pixels/voxels and non-linear interactions in multimodal
data that elude human readers. Machine learning can also integrate heterogencous feature types (imaging,
fluid biomarker values, demographics, genetics) to produce individualized risk scores. Recent studies
have shown promising classification and prognostic performance when trained on large longitudinal
cohorts.

3. Datasets & Resources

Widely used public datasets and consortia for model development and validation include:

¢ Alzheimer’s Disease Neuroimaging Initiative (ADNI) longitudinal MRI/PET/CSF/plasma,
cognitive data; primary resource for training and benchmarking.

¢ OASIS, UK Biobank (for population imaging), local clinical cohorts, and biobanks used for
external validation.

Best practice: train on a large diverse multicenter dataset (ADNI + others) and perform external
validation across geographic sites to assess generalizability.

Modalities Sample o ore
Dataset Included Size Data Type Accessibility Notes / Usage
ADNID(QLZa};ZImer s MRI, PET, Public Benchmark
. . CSF, plasma, | ~2,000+ | Longitudinal (application | dataset for AD Al
Neuroimaging o )
e cognitive required) models
Initiative)
Cross- Used for
OASIS-3 MRI, .P.ET’ ~1,000 sectional + Public validation and
cognitive o g .
longitudinal transfer learning
MRI, Population Public Used for
UK Biobank genetics, 500,000 inrl)a i (restricted generalization
health records £ing access) testing
MRI, PET, Focused on earl
AIBL plasma ~1,100 Longitudinal Application carty
. AD and aging
biomarkers
Compact dataset
MIRIAD MRI only ~100 Longitudinal Open for model
prototyping

Table-2: Key Public Datasets Used in Al-based Alzheimer’s Research

4. Methods - Ai approaches for early ad detection

4.1 Preprocessing

e Standard MRI preprocessing: skull-strip, registration to standard space, bias correction,
segmentation (GM/WM/CSF), region-of-interest extraction.

¢ PET preprocessing: attenuation correction, SUVR calculation, partial volume correction when
available.

¢ Biomarker harmonization: laboratory assay calibration, ratio computations (e.g., p-tau217/Ap1-
42), and batch effect correction.

4.2 Model families

e Classical ML: Random forests, gradient boosting machines on engineered features (volumes,
cognitive scores, biomarker values).

¢ Deep learning: 2D/3D CNNs on raw images; recurrent networks for longitudinal sequences;
multimodal fusion architectures that combine imaging branches with tabular branches for biomarkers and
demographics.
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¢ Hybrid & transfer learning: Pretrained encoders (e.g., ImageNet — MRI fine-tuning) and
domain adaptation techniques to handle scanner/site variability.

Description / Reported
Technique Data Modality Mo delp Tvpe Key Advantages | Limitations Accuracy
yp (AUC / F1)
MRI . _
Random Forest / volumetric, Classical ML . Fast, lelteq
XGBoost cognitive on handcrafted 1nterpretabl§, low | nonlinearity 0.80-0.85
SCOTeS features computation capture
3D Learns features
Convolutional . Deep_ automatically Needs lar.ge
MRI/PET hierarchical . .07 dataset, high 0.88-0.93
Neural Networks spatial learnin strong imaging computation
(CNNs) p & power pu
Recurrent Neural Captures Risk of
Networks Longitudinal temporal Handles time- overfitting on 0.82-0.90
(RNNs) / MRI + clinical disease series well short ' '
LSTMs progression sequences
Transformer / M.RI * plasma Integrates Handles complex Req“‘?es large
. biomarkers + multimodal . . multimodal 0.90-0.95
Attention models . . relationships
clinical embeddings data
Graph Neural Bralp . Models . .
Networks connectivity spatial- Explains regional | Complex, less 0.85-0.92
(GNNs) networks functional interactions standardized ) )
(fMRI, DTI) relationships

Table-3: Comparison of Major AI Techniques Used for Early Alzheimer’s Detection

4.3 Multimodal fusion strategies

e Early fusion (concatenate features at input), intermediate fusion (combine modality-specific
embeddings), or late fusion (ensemble predictions). Multimodal models often outperform unimodal ones
in predicting amyloid/tau PET status or cognitive conversion.
4.4 Interpretability & explainability

e Post-hoc XAI methods (Grad-CAM, integrated gradients, SHAP for tabular) and inherently

interpretable models (attention mechanisms, sparse models) improve clinician trust. Multiple reviews
emphasize that lack of interpretability is a major barrier to clinical adoption.

5. Literature synthesis - Key findings

5.1 Performance of Al models

e Models combining MRI + cognitive scores + plasma biomarkers show highest AUCs for
classifying AD vs controls and predicting conversion from MCI to AD. Several recent reviews report
steady improvements in sensitivity and specificity when multimodal inputs are used.

5.2 Blood biomarkers and Al: a turning point

e The FDA’s 2025 clearance of the Lumipulse G pTau217/B-Amyloid 1-42 plasma ratio marks a
practical shift: validated plasma assays can be included as trusted inputs for Al models, improving
noninvasive screening and triage for confirmatory PET/CSF testing. Large studies show plasma p-tau217
(and combined ratios) discriminate AD pathology with high negative predictive value and improving
positive predictive value when combined with other markers.

5.3 Explainable Al uptake

e Growth in XAI studies for AD detection has been substantial, however, most methods remain
post-hoc and are not yet standardized for clinical explanation. Reviews call for dedicated AD-specific
interpretability datasets and clinical-grade reporting standards.

6. Discussion

6.1 Opportunities

e Scalability: Blood biomarkers enable population-scale screening; Al risk scores can triage
patients to specialized centers for PET/CSF confirmation.

¢ Personalized prognosis: Longitudinal Al models can forecast rate of cognitive decline, aiding
individualized care planning and trial enrichment.

6.2 Challenges
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e Data bias & generalizability: Overreliance on ADNI and other Western cohorts risks model
bias; external validation across ethnicities, scanner vendors, and healthcare systems is necessary.

e Clinical validation & regulatory pathway: While biomarkers are advancing (FDA clearance for
Lumipulse), AI models themselves often lack robust prospective clinical trials demonstrating impact on
care decisions and outcomes. Regulatory frameworks require transparent performance reporting and bias
mitigation.

e Interpretability and clinician trust: Clinicians need simple, reliable explanations of model
outputs; integration with workflows (EHRs) and human-in-the-loop systems are required.

e Ethics & privacy: Predicting future dementia raises consent, disclosure, and psychosocial
concerns. Policies for counseling, data governance, and handling uncertain predictions must be
established.

6.3 Proposed best practices

1. Multimodal development - combine imaging, plasma biomarkers, and cognitive tests.

2. Large, diverse training cohorts + external validation across geographic and clinical settings.

3. Prospective clinical trials to demonstrate clinical utility (does Al triage improve outcomes or
decision quality?).

4. Implement XAl standards: report what features contributed to a decision, expected model
uncertainty, and failure modes.

5. Regulatory alignment: engage early with regulators and use validated biomarkers (FDA-
cleared assays) as inputs where possible.

7. Conclusion

Al-assisted early detection of Alzheimer’s disease is rapidly maturing. The combination of robust
plasma biomarkers (e.g., p-tau217/Ap ratios), large multimodal datasets (e.g., ADNI), and advanced ML
models provides a realistic path toward scalable, noninvasive screening and risk stratification. To
translate models into clinical practice, researchers must prioritize external validation, explainability,
prospective impact trials, and ethical frameworks. The recent regulatory milestone of an FDA-cleared
blood test (May 16, 2025) materially improves the feasibility of Al-driven screening and triage pathways.

8. Future directions (Research roadmap)

e Multicenter prospective trials comparing Al + blood biomarkers vs standard of care for
diagnostic yield and outcomes.

¢ Federated learning frameworks to pool data across institutions while preserving privacy.

¢ Clinical decision support (CDS) studies to embed Al outputs within oncology-style
multidisciplinary workflows (neurology + geriatrics + neuropsychology).

e Standardized XAI reporting and creation of AD-specific interpretability benchmarks.

¢ Economic evaluations to assess cost-effectiveness of Al-driven screening in healthcare systems.
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AnHoTamusi: B craThe paccMaTpUBAIOTCH KOHIICTIUM WHTEUICKTYAIBHBIX MPOU3BOJICTBEHHBIX
cucrem (UIIC) u uudpossix npoiHukoB (I11J]) kak KIOUYEBBIX ApaliBepOB HapaaurMbl HHIyCTpUH 4.0.
AHanm3upyeTrcs UX poib B MOBBIMICHUN 3()PEKTUBHOCTH, THOKOCTH W YCTOWYMBOCTH MPOMBINIICHHBIX
mporieccoB.  Oco0oe  BHHMaHWE yISNSICTCS WHTETpAllMd  3TUX TEXHOJIOTHH NI CO3JaHUA
CaMOOIITUMU3UPYIOIIUXCS TPOU3BOJICTBEHHBIX CpEll, CHOCOOHBIX K IPOTHO3UPOBAHUIO COOEB,
MOJICJIMPOBAHHIO «UTO-ECIIM CIICHAPHUEB M MPHUHSATHIO aBTOHOMHBIX PEIICHUH.

KiaroueBbie c10Ba: WHTEIUICKTyallbHBIC IPOU3BOJICTBCHHBIE CHUCTEMBI, ITM(PPOBON JIBOMHHK,
uaayctpus 4.0, TPOW3BOJCTBEHHBIC TEXHOJOTHMH, HWCKYCCTBCHHBIH WHTEIUICKT, ONTHMH3AIUSI
MIPOM3BO/ICTBA.

INTELLIGENT MANUFACTURING SYSTEMS AND DIGITAL TWINS

S.S.Nasriddinov
Doctor of Technical Sciences, Professor
A. Mavlyanov
Candidate of Physical and Mathematical Sciences, Associate Professor, Branch of Astrakhan State
Technical University in Tashkent Region, Republic of Uzbekistan

Annotation: This article examines the concepts of Intelligent Manufacturing Systems (IMS) and
Digital Twins (DT) as key drivers of the Industry 4.0 paradigm. Their role in enhancing the efficiency,
flexibility, and sustainability of industrial processes is analyzed. Special attention is given to the
integration of these technologies to create self-optimizing production environments capable of predicting
failures, modeling "what-if" scenarios, and making autonomous decisions.
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Annotatsiya: Maqolada intellektual ishlab chiqarish tizimlari (IIT) va raqamli egizaklar (RE)
tushunchalari sanoat 4.0 paradigmasining asosiy harakatlantiruvchi kuchlari sifatida ko‘rib chigiladi.
Ularning sanoat jarayonlari samaradorligini, moslashuvchanligini va barqarorligini oshirishdagi roli tahlil
qilinadi. E’tibor, nosozliklarni bashorat qilish, "agar shunday bo‘lsa" ssenariylarini modellashtirish va
avtonom qarorlar qabul gilishga qodir bo‘lgan 0‘z-0°zini optimallashtiruvchi ishlab chiqarish muhitlarini
yaratish uchun ushbu texnologiyalarni integratsiyalashga qaratilgan.

Kalit so‘zlar: intellektual ishlab chiqarish tizimlari, raqamli egizak, sanoat 4.0, ishlab chiqarish
texnologiyalari, sun’iy intellekt, ishlab chiqarishni optimallashtirish.
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