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AHHOTALMA

CvHanc — 30Ha CreuManu3vpoBaHHOr0 KOHTaKTa Mey ABYMsA HEMpOHaMM, Yepes KOTOpbI OCYLLECTBIAETCA Nepeaaya WH-
dopMaLmm 0T 0HOM KNeTkM K apyroit. ®opMMpoBaHMe CUHANTUYECKWX KOHTAKTOB M Nepefaya Yepes HUX CUrHasnoB ¢ MOMOLLbIO
3NEKTPMYECKUX UMNMYTbCOB — 3TO (yHAAMEHTanbHaA 0COBEHHOCTb HEMPOHANbHBIX KNeToK. Co CTOpOHbI akcoHa cuHanc ¢op-
MWPYETCA aKCOHaMbHbIM BYTOHOM, a CO CTOPOHbI AeHAPUTa — AEHOPUTHBIM LUMMUKOM, CMieLanv3MpoBaHHbIM BbIPOCTOM [eH-
LpUTHOM MeMbpaHbl. [leHOPUTHBIE LUMMMKM XapaKTepu3yloTcA 60MbLLMM pa3HoobpasneM (opM 1 pa3MepoB, KOTOpbIe B CUITBHOM
CTEMEHW BapbUPYIOTCA MEXAY PasfMuHbIMU OTAENaMV MO3ra, TUMaMU KIMETOK U BULAMM HUBOTHbIX. Mopdonorua oeHapUTHbIX
LUIMNMKOB M3MEHAETCA NPWU HEMPOOHTOMEHETUYECKMX U HEMpPOAEreHepaTMBHBIX 3ab0M1eBaHMAX, @ TaKKe B OTBET Ha OENCTBUE
BHELUHMX CTUMYNOB. CYMTAETCA, YTO JaHHbIM MPOLIECC 06ecneymnBaeT CMHANTMYECKYI0 MNACTUYHOCTb, TEM He MeHee TpebyioTca
BanbHewLLIMe UCCnefoBaHWA O1A YCTAHOBMIEHWA CBA3M Mexay $opMon v dyHKUMeW WKUNKKoB. [nA pelueHna faHHoW 3afayum
B COBPEMEHHOW Herpobuonorum nMeeTcA HeobxoaMMoCTb pa3paboTki MeTooB aHanM3a MopdOoNIorM CUMHaMNCoB Ha TPEXMep-
HbIX 306parKeHMAX HerMpoHoB. Hamm paspaboTaHo nporpaMMHoe obecrieyeHne C OTKPbITIM UCXOHBIM KOAOM [U1A CerMeHTaLmm
LEHOPUTHBIX LLIMMMKOB 13 TPEXMEPHBIX M306parKeHWiA AeHAPUTOB, BbluMcneHUA 10 Hanbonee LUMPOKO MCMonb3yeMbix Mopdoso-
MMYECKMX MPU3HAKOB, aAaNTUPOBaHHbIX K TPEXMEPHOMY npeacTaenenuio [1, 2], v BLINONHEHUA KNacCcUUKaLMM U Knactepusa-
UMM aataceTa JeHOPUTHBIX LUMMWKOB AN aHanm3a ux ¢opmbl. [TOMMMO YMCTIEHHBIX MPU3HAKOB ONMCaHWA GopMbI LUMMMKA ObINo
MpeaoKeHo UCMoNb30BaTh rucTorpaMmy anuH xopa (chord length distribution histogram, CLDH). B aaHHoM nogxoge cTpouTcs
Habop cnyyaiHbIX Xopa B 06bEME [EHOPUTHOrO LUMMA, COBOMHAIOLLMX ero BHELUHWE rpaHuMLbl, Nocnie Yero dopMupyeTca rm-
crorpamMa. Npu JoctuseHnn konmdctsa xop n=30 000 BepoATHOCTHbIE KONlebaHWA MMCTOrPaMMbl CTAHOBATCA HE3HAYMTENBHO
Marbl. OnMcaHHbIe METPUKM MCMONBb30BaIUCh 1A KNacTepM3aLmm U KnaccudmKaumm faracera.

Knaccugurauma no npegonpenenéiHbiM MopdonorMyeckM rpynnaM ABAAETCA LIMPOKO UCMONb3yeMbIM MOAX040M K aHanmsy
Mophonorun AeHAPWUTHBIX LWMMKMKOB. B AaHHOM Moaxofde LUMNMKK OENATCA Ha QUKCMPOBAHHBIE KaTeropuu, TakMe KaK TOH-
Kue, rprboBmaHbIe U NeHbKoBble. Knaccudmkauma 06bI4HO BbINOHAETCA 3KCMEPUMEHTATOPOM NOyaBTOMATUYECKUM CTIOCoHOoM,
uTO BEOET K 3HAaUMTENbHOM oLMbKe. Mbl paspaboTany 0CHOBaHHbIN Ha anropuTMe MalMHHOMO 06YYeHWA UHCTPYMEHT Kiaccu-
(MKaLMK, KOTOPbIA KNAcCUGULIMPYET LIMMMKM MO YKa3aHHBIM BbILLE KaTeropysaM Ha OCHOBE KOHCEHCYCA, JOCTUTHYTOro NMyTéM
PY4HOV pa3MeTKu 0by4aloLLero fataceTta 8 pasnvyHbIMK 3KcnepTamMu. TOYHOCTb TaKOro METOAA NPM KiaccUUKaLmMm ¢ UCnofb-
30BaHMeM Habopa Knaccu4eckmx MopoIorMUECKMX MPU3HAKOB COMOCTaBMMA C SKCMEPTHOM pasMeTKol (>77%). daHHbIi noaxoa
MO3BOAAET CHU3UTb HEOOBEKTUBHOCTb U TPYAOEMKOCTb KNACCUPUKaLML.

MocnefHWe uccnefoBaHWA, B TOM YKCTE C UCMONb30BaHUEM NPUMKM3HEHHOW MUKPOCKOMWW in Vitro W in vivo, CBULETENbCTBY-
10T B NOJb3Y TOrO, 4YT0 GOPMbl JEHOPUTHBIX LUIMMMKOB NPEACTaBNAT COB0IM KOHTUHYYM, a He YETKO pa3fenéHHble Knacchl [3].
B cBA3K ¢ 3TMM cyLecTBYeT HeobXxoAMMOCTb B pa3paboTKe HALEHHOM0 METOAA OLEHKM U U3yYeHUA MOPGOoruv LeHOPUTHBIX
WMnuKoB. Hamm paspaboTaH MHCTPYMEHT KnacTepu3aLmm, rae KONMYECTBO MPYNN M UX COLepHaHme onpenensetca AaHHbIMK,
a He 3KcnepyUMeHTaTopoM. VIHCTpyMeHT npepcTaeneH anroputMamu k-cpegtmx u DBSCAN. [na onpepeneHna KonnyecTsa Kna-
CTepoB NpefCTaBneHbl TPU PasNnYHbIX MeTofa: MeTod CWyaTa; METOA MiieYa; a TaKke HOBbIW, pa3paboTaHHbIi HaMW, MeTOA
MaKCMMU3aLMN KpUTEPUA PacxomaeHUA KaccoB. [aHHbI METOf 0CHOBaH Ha MPeaMnosioeHUM, UTO KauyecTBO KnacTepusaumm
NyyLLle, KOrfa KnacTepbl MakcMMarbHO OTIIMYAIOTCA ApYr OT pyra No KONWYecTBY NpeAcTaBeHHbIX B HUX KNaccoB rpubosma-
HbIX/TOHKMX/MEHBKOBbIX LUMMWKOB, Pa3MeYeHHbIX SKcrepTaMu. [IpenMyLLEecTBO TaKoro Noaxoda 3aKMio4vaeTca B TOM, YTO B HEM
YUMTLIBAETCA KOHKPETHbIMA TN AaHHbIX AA KNacTepusaLmu, B TO BpeMA Kak 6e3 AaHHOM MHOpPMaLMK OLIeHKa KavecTsa Kna-
CTepu3aLmm 3aTpyaHeHa. Knactepusaumio ¢ npuMeHeHeM Metpuki CLDH paét ctabunbHoe Ymcio KnactepoB — n=5 A BCex
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TPEX ONMCaHHbIX BbILLE METOAO0B. B onpeenéHHbIX KnacTepax COLEpHaTcs CXOHMe Mo GopMe SeHOPUTHBIE WKMMKK, YT BbiNo
BanMOMPOBaHO 3Kcneptamu. [nA Habopa KNacCMYECKMX METPUK KONMUECTBO KNacTEPOB 3HAUMTENBHO BapbMPOBano: 0T n=4
a0 n=14. NMopgobHble faHHbIe NO3BONAKT caenaTb NpeanonoxeHue, YTo bonee cnoxHasa MeTpuka CLDH copeprumt B cebe po-
CTaTOYHOE KONMYECTBO MHGOPMaLMM 0 GopMe CMHaNca 1A BbINOMHEHWA KNacTepm3aumm.

KnioueBble cnoBa: cuHanc; ,ElEHﬂpVITHbIﬁ LLUUNUK; FpM6OBVI,EleIVI; TOHKUW; MEHbKOBLIN; nporpamMmMHoe obecneyeHue;
CcerMeHTauusa; KJ'IHCCVId)VIK&LI,VIFI; Knactepusauua; rmctorpamMma pacnpeneneHua anavH xopa.
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ABSTRACT

A synapse is a specialized region between two adjacent neurons that allows information to be transmitted from one cell to
another. The formation of these connections and transfer of signals via electrical impulses is a critical characteristic of neuronal
cells. The synapse is formed by the axonal bouton on the axon side and the dendritic spine, a specialized outgrowth of the
dendritic membrane, on the dendrite side. Dendritic spines exhibit diverse shapes and sizes, differing significantly across
brain regions, cell categories, and animal species. Changes in dendritic spine morphology occur in neurodevelopmental and
neurodegenerative ailments while also responding to external stimuli. Although deemed to facilitate synaptic plasticity, further
investigation is essential for establishing the correlation between spine construction and its function. To address the issue in
modern neurobiology of characterizing synapse morphology on 3D neuron images, the development of effective analytical
methods is necessary. Our team has produced an open-source software solution for precise dendritic spine segmentation
using 3D dendrite images. This software calculates the 10 most widely used 3D-adapted morphological features [1, 2] and
enables classification and clustering of dendritic spine data sets to determine their shape. In addition to numerical features for
describing the shape of a dendritic spine, researchers proposed using a histogram of chord lengths, known as the chord length
distribution histogram (CLDH). This involves generating a set of random chords within the dendritic spine’s volume, connecting
its outer boundaries and forming a histogram. By setting n=30 000, the probabilistic fluctuations of the histogram become
insignificant. The derived metrics were then used for clustering and classifying the dataset.

Classification based on predetermined morphological groups is a frequently used approach for analyzing the morphology
of dendritic spines. This method involves categorizing spines into established groups such as thin, mushroom, and stubby.
Experimenters generally perform classification in a semi-automated manner, leading to considerable error. We have created
a spine categorization tool using a machine learning algorithm. The tool classifies spines based on a consensus reached by
eight experts who manually labeled the training dataset. The accuracy of this method surpasses 77% when using classical
morphological features and is comparable to expert labeling. The implementation of this approach reduces classification
bias and complexity.

Recent studies, including those using live microscopy in vitro and in vivo, indicate that dendritic spine shapes exhibit
a continuum rather than distinct categories [3]. Therefore, it is essential to establish a dependable methodology for evaluating
and examining the morphology of dendritic spines. We have created a clustering tool that establishes both the number
of groups and their content based on data, rather than the experimenter’s discretion. This tool leverages the k-means and
DBSCAN algorithms for its representation. Three clustering methods are presented to determine the number of clusters:
the silhouette method, the elbow method, and a novel method, developed by the authors, based on the max class divergence
criteria. The authors assume that cluster quality improves as clusters differ significantly in the number of mushroom/thin/
stubby spine classes, as marked by experts. The benefit of this approach is that it considers the particular data type for
clustering. Without this knowledge, assessing the quality of clustering is challenging. The use of the CLDH metric for
clustering yielded a consistent and stable number of clusters (n=5) across all three methods described. These clusters
contain dendritic spines that share similar shapes and have been validated by experts. In contrast, using classical metrics
resulted in a variable cluster count ranging from n=4 to n=14. These findings suggest that the CLDH metric, with its
complexity, provides enough information about synapse shape to enable precise clustering.

Keywords: synapse; dendritic spines; mushroom; thin; stubby; software; segmentation; classification; clustering; chord
length distribution histogram.
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