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B4. Õàáèëèòàöèîíåí òðóä - íàó÷íè ïóáëèêàöèè â èçäàíèÿ, êîèòî ñà ðå-
ôåðèðàíè è èíäåêñèðàíè â ñâåòîâíî èçâåñòíè áàçè äàííè ñ íàó÷íà èí-
ôîðìàöèÿ (Web of Science è Scopus).

(Èçèñêâàò ñå 100 òî÷êè. Ïðåäñòàâåíè ñà 2 íàó÷íè ïóáëèêàöèè, íîñåùè
îáùî 111 òî÷êè.)

B4-1. Maya Zhelyazkova, Royamana Yordanova, Iliyan Mihaylov, Stefan
Kirov, Stefan Tsonev, David Danko, Christopher Mason, Dimitar Vassilev,
Origin sample prediction and spatial modeling of antimicrobial resistance
in metagenomic sequencing data, Frontiers in genetics, vol:12, 2021, ISSN
(print): 1664-8021, doi:doi:10.3389/fgene.2021.642991, Ref, Web of Science,
IF (4.772 � 2021), Web of Science Q1 (2021), SCOPUS SJR (1.41 � 2021),
SCOPUS Q1 (https://www.scimagojr.com/journalsearch.php?q=2110),
International, (75 òî÷êè).

Ðåçþìå

Íåïðåêúñíàòîòî ðàçâèòèå íà ïðîåêòà MetaSUB(metasub.org) ïîñòàâÿ íî-
âè âàæíè âúï-ðîñè îòíîñíî ïðîèçõîäà, âàðèðàíåòî è àíòèìèêðîáíàòà
ðåçèñòåíòíîñò íà ñúáðàíèòå ïðîáè îò ìèêðîîðãàíèçìè, êîèòî èçèñêâàò
íîâè ìåòîäè çà àíàëèç íà äàííè. Ïðîåêòúò CAMDA (Êðèòè÷åí àíàëèç
çà ãîëåìè ìàñèâè îò äàííè http://camda.info/), â êîíòåêñòà íà ïðîåêòà
MetaSUB, îðãàíèçèðà åæåãîäíè êîíôåðåíöèè ñ ïðåäèçâèêàòåëñòâà, ïðè
êîèòî ñå òåñòâàò ðàçëè÷íè áèîèíôîðìàòè÷íè è ñòàòèñòè÷åñêè ïîäõîäè
âúðõó ïðîáè, ñúáðàíè ïî öåëèÿ ñâÿò çà áàêòåðèàëíà êëàñèôèêàöèÿ è
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ïðîãíîçèðàíå íà ãåîãðàôñêèÿ èì ïðîèçõîä. Òàçè ðàáîòà ïðåäëàãà ìåòîä,
êîéòî íå ñàìî ïðåäâèæäà ìåñòîïîëîæåíèÿòà íà íåèçâåñòíèòå ïðîáè, íî
ñúùî òàêà îöåíÿâà îòíîñèòåëíèÿ ðèñê îò àíòèìèêðîáíà ðåçèñòåíòíîñò
÷ðåç ïðîñòðàíñòâåíî ìîäåëèðàíå. Âúâåæäàìå íîâ êîìïîíåíò â ñòàíäàðò-
íèÿ àíàëèç, äîêàòî ïðèëàãàìå ìîäåë íà áåéñîâà ïðîñòðàíñòâåíà êîíâî-
ëþöèÿ, êîéòî îò÷èòà ïðîñòðàíñòâåíàòà ñòðóêòóðà íà äàííèòå, êàêòî å
îïðåäåëåíî îò ãåîãðàôñêàòà äúëæèíà è øèðèíà íà ïðîáèòå è îöåíÿâà
îòíîñèòåëíèÿ ðèñê îò ñúùåñòâóâàíåòî çà àíòèìèêðîáíà ðåçèñòåíòíîñò â
ðåãèîíèòå, êîåòî å îò çíà÷åíèå çà îáùåñòâåíîòî çäðàâå. Íèå ìîæåì ñëåä
òîâà äà èçïîëçâàìå èç÷èñëåíèÿ îòíîñèòåëåí ðèñê êàòî íîâà ìÿðêà çà
àíòèìèêðîáíà ðåçèñòåíòíîñò. Ñúùî òàêà ñðàâíÿâàìå åôåêòèâíîñòòà íà
íÿêîëêî ìåòîäà çà ìàøèííî îáó÷åíèå, êàòî Gradient Boosting Machine,
Random Forest è íåâðîííà ìðåæà çà ïðîãíîçèðàíå íà ãåîãðàôñêèÿ ïðîèç-
õîä íà íåèçâåñòíèòå ïðîáè. Òðèòå ìåòîäà ïîêàçâàò ñðàâíèìè ðåçóëòàòè
ñ èçâåñòíî ïðåâúçõîäñòâî íà êëàñèôèêàòîðà Random Forest.

Ìàùàáíèòå ìåòàãåíîìíè èçñëåäâàíèÿ ñà ÷àñò îò ãëîáàëíà èíèöèàòèâà
çà èçñëåäâàíå è ðàçáèðàíå íà ðàçíîîáðàçèåòî íà ìèêðîáèîìà. Âèñîêîïðî-
äóêòèâíè òåõíîëîãèè çà ñêðèíèíã, êàòî shotgun ñåêâåíèðàíå íà öåëè ãå-
íîìè, èäåíòèôèöèðàò ãåíåòè÷íà èíôîðìàöèÿ íà ïî-ïîäðîáíè íèâà, êàòî
íèâîòî íà âèäîâåòå, è ìîãàò äà îòêðèÿò è èçîáèëèåòî íà åóêàðèîòè, ãúáè
è âèðóñè. Ïîâå÷åòî ìåòîäè çà àíàëèç íà ìåòàãåíîìíè ïîñëåäîâàòåëíîñòè
ñå áàçèðàò íà òåõíèêè çà ìàøèííî îáó÷åíèå ñ íàäçîð. Ìîäåëèòå random
forest ÷åñòî ñå èçïîëçâàò çà ïðîãíîçèðàíå íà ãåîãðàôñêèòå ìåñòîïîëîæå-
íèÿ íà ïðîáèòå. Ïîâå÷åòî îò òåçè ìîäåëè ñà îãðàíè÷åíè äî ïðîãíîçèðàíå
íà ïðîáè îò ìåñòîïîëîæåíèÿ, êîèòî ñà ÷àñò îò îáó÷èòåëíèòå íàáîðè. Çà
ïðîãíîçèðàíå íà íîâè ïðîèçõîäè òå èçïîëçâàò Lasso ðåãóëÿðèçàöèÿ è Èí-
äåêñà íà ðàçíîîáðàçèåòî íà Simpson è âêëþ÷âàò ïðåäèøíè ðåçóëòàòè îò
àñîöèàöèÿòà ìåæäó ÷îâåøêàòà ãåíåòèêà è ãåîãðàôñêèòå ìåñòîïîëîæå-
íèÿ. Íàñêîðî áÿõà ðàçðàáîòåíè ïî-ñëîæíè ìîäåëè çà êëàñèôèêàöèÿ íà
äàííè çà ïðîòåèíîâè ïîñëåäîâàòåëíîñòè, êàòî deep learning, ðåêóðåíòíè
è êîíâîëþöèîííè íåâðîííè ìðåæè. Àâòîðèòå èçïîëçâàò ðàçëè÷íè ïîêà-
çàòåëè, êàòî ÷óâñòâèòåëíîñò, ñïåöèôè÷íîñò, òî÷íîñò, AUC, êîåôèöèåíò
íà êîðåëàöèÿ íà Matthews, çà äà ñðàâíÿò ïðåäñòàâÿíåòî íà ìåòîäèòå.

Êëàñèôèêàöèÿòà íà ïðîáè ñïîðåä òåõíèÿ ïðîèçõîä îáèêíîâåíî ñå èç-
âúðøâàíà ÷ðåç ìåòîäè çà íàáëþäàâàíî ìàøèííî îáó÷åíèå, êîèòî âêëþ-
÷âàò ðàçäåëÿíå íà ïðîáèòå íà îáó÷àâàùè è òåñòîâè íàáîðè. Â òîâà èç-
ñëåäâàíå å íàïðàâåí ïðåäâàðèòåëåí ïðåãëåä íà íÿêîè îò äîáðå èçâåñòíèòå
ìåòîäè è å ðåøåíî äà ñå èçïîëçâàò âúðõó òðè îò òÿõ, êîèòî íå èçèñêâàò
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ìíîãî ïàðàìåòðè è ñà ëåñíè çà èçïúëíåíèå â ðàìêèòå íà R. Ïî-ñïåöèàëíî
èçïîëçâàìå Gradient Boosting Machine (GBM), Random Forest è Neural
Network (NNet), êàêòî ñà ðåàëèçèðàíè â ïàêåòà R 3.6.3 caret. Ïðèëîæåíè
ñà ãîðåïîñî÷åíèòå ìîäåëè çà ìàøèííî îáó÷åíèå, çà äà ñå ïðåäñêàæå íà
êîé êîíòèíåíò è â êîé ãðàä ïðèíàäëåæàò ïðîáèòå. Îáó÷àâàùèòå ñè äàí-
íè ñà ðàçäåëåíè íà äâà ïîäíàáîðà: 60% è 40% è ñëåä òîâà ñå ñðàâíÿâàò
ðåçóëòàòèòå îò ïðîãíîçàòà âúðõó òåñòîâèÿ íàáîð.Èçïîëçâàí å ìåòîä çà
èçáîð íà õàðàêòåðèñòèêè � Recursive Feature Elimination (RFE), êîéòî å
÷åñòî èçïîëçâàí ìåòîä çà ñåëåêöèÿ íà õàðàêòåðèñòèêè, êîéòî èçãðàæäà
ìîäåë è ïðåìàõâà íàé-ñëàáèòå õàðàêòåðèñòèêè, ñëåä êîåòî òåçè õàðàêòå-
ðèñòèêè ñå èçïîëçâàò â ïðîãíîçàòà çà êîíòèíåíòè è ãðàäîâå. Òúé êàòî
àíòèìèêðîáíàòà áàçà äàííè èìà îãðàíè÷åí áðîé òàêñîíè, çà ÷àñòòà ñ
ïðîãíîçàòà ñå ïðåäïî÷èòà proGenomes.

Â äîïúëíåíèå êúì ïðåäñêàçâàíåòî íà ïðîèçõîäà, ñà ïðèëîæåíè ïðî-
ñòðàíñòâåíè ìîäåëè çà îöåíêà íà ðèñêà îò àíòèìèêðîáíà ðåçèñòåíòíîñò â
ãðàäîâåòå è â ðàçëè÷íè ñòðàíè. Ñòàíäàðòíèòå ðåãðåñèâíè ìîäåëè, êîèòî
íå âçåìàò ïîä âíèìàíèå ïðîñòðàíñòâåíèòå çàâèñèìîñòè, íå ðàáîòÿò äîá-
ðå òóê, òúé êàòî îöåíêèòå íà ïàðàìåòðèòå è ðåçóëòàòèòå ùå áúäàò íåíà-
äåæäíè. Îñâåí òîâà, äàííèòå ïîêàçâàò ïðåêîìåðíî âàðèðàíå è îáèêíîâå-
íèòå ëèíåéíè ðåãðåñèîííè ìîäåëè ùå äàäàò èçêðèâåíè îöåíêè. Ïîðàäè
òîâà, ïðèëàãàíåòî íà ïðîñòðàíñòâåíè ìîäåëè, ïî-ñïåöèàëíî íà áåéñîâè
éåðàðõè÷íè ìîäåëè, å îò çíà÷åíèå. Ïîâå÷å ïðîñòðàíñòâåíà èíôîðìàöèÿ
è âçåìàíå íà ïðîáè îò áëèçêî ðàçïîëîæåíè ãðàäîâå è ñòðàíè ùå ïîìîãíå
çà ñúçäàâàíå íà ïî-äîáðè è ïî-äåòàéëíè êàðòè íà îòíîñèòåëíèÿ ðèñê îò
AMR.

Abstract

The steady elaboration of the Metagenomic and Metadesign of Subways and
Urban Biomes (MetaSUB) international consortium project raises important
new questions about the origin, variation, and antimicrobial resistance of the
collected samples. CAMDA (Critical Assessment of Massive Data Analysis,
http://camda.info/) forum organizes annual challenges where di�erent bio-
informatics and statistical approaches are tested on samples collected around
the world for bacterial classi�cation and prediction of geographical origin.
This work proposes a method which not only predicts the locations of unknown
samples, but also estimates the relative risk of antimicrobial resistance through
spatial modeling. We introduce a new component in the standard analysis
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as we apply a Bayesian spatial convolution model which accounts for spatial
structure of the data as de�ned by the longitude and latitude of the samples
and assess the relative risk of antimicrobial resistance taxa across regions
which is relevant to public health. We can then use the estimated relative
risk as a new measure for antimicrobial resistance. We also compare the
performance of several machine learning methods, such as Gradient Boosting
Machine, Random Forest, and Neural Network to predict the geographical
origin of the mystery samples. All three methods show consistent results with
some superiority of Random Forest classi�er.

Large scale metagenomics studies are part of a global initiative to study
and understand microbiome diversity. High-throughput screening such as
shotgun whole genome sequences identi�es genetic information to more detailed
levels such as the level of species and can further detect abundance of eukaryotes,
fungi, and viruses. Most methods for analysis of metagenomics sequence data
are based on the supervised machine learning techniques. Random forest
models are often used in predicting geographical locations of the samples.
Most of those models are limited to predicting samples from locations that are
part of the training sets. For predicting new origins used Lasso regularization
and Simpson's diversity index and incorporated previous results of association
between human genetics and geographical locations. Recently more complex
models have been developed for classi�cation of protein sequence data such
as deep learning, recurrent and convolution neural networks. Authors used
di�erent measures such as sensitivity, speci�city, accuracy, AUC, Matthews
correlation coe�cient to compare the performance of the methods. The classi�cation
of samples by their origin is commonly performed by supervised machine
learning methods which involve dividing the samples into training and testing
sets. In this work we did preliminary review of some of the well-known
methods and decide to focus on three of them that do not involve many
parameters and are easy to run within the framework of R. In particular we
use Gradient Boosting Machine (GBM), Random forest, and Neural network
(NNet) as implemented in the R 3.6.3 package caret. We applied the above
machine learning models to predict which continent and which city the
samples belong to. We split our training data into two subsets: 60% and
40% and then compare the prediction results on the test set. To avoid the
batch e�ect we analyze the samples separately by the sampling day. Recursive
feature elimination (RFE), a commonly used feature selection method that
�ts a model and removes the weakest features, is used to screen for the top
features which are then used in the prediction of continents and cities. Since
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the antimicrobial database has a limited number of taxa, proGenomes is
preferred for the prediction part of analysis.

In addition to the prediction of origins we apply spatial models to access
the risk of antimicrobial resistance inside cities and across countries. Standard
regression models that do not take into account the spatial dependencies
do not work well here since the parameter estimates and results will be
unreliable. Moreover, the data show overdispersion and ordinary linear regres-
sion models will produce biased estimates. Therefore, applying spatial models
in particular Bayesian hierarchical models is relevant. More spatial information
and sampling of closely located cities and countries will help to build better
and more detailed maps of AMR relative risk.

Â4-2. Maya Zhelyazkova, Roumyana Yordanova, Iliyan Mihaylov, Stefan
Tsonev, Dimitar Vassilev, In silico discovering relationship between bacterio-
phages and antimicrobial resistance, Biotechnology and Biotechnological Equip-
ment, vol:37, issue:1, 2023, pages:14-23, ISSN (online): 1310-2818, doi:10.1080/
13102818.2022.2151378, Ref, IF, IF (1.762 - 2021), Web of Science Quartile:
Q4 (2023) (36 òî÷êè).

Ðåçþìå

Áàêòåðèîôàãèòå è òåõíèÿò ïîòåíöèàëåí ïðèíîñ êúì àíòèìèêðîáíàòà ðå-
çèñòåíòíîñò ïðèâëè÷àò íàðàñòâàùî âíèìàíèå â êîíòåêñòà íà ìåäèöèíàòà
è ôàðìàöåâòèêàòà. Îñíîâíàòà öåë íà ïðåäèçâèêàòåëñòâîòî CAMDA å äà
ñå ïðèäîáèÿò ïîâå÷å çíàíèÿ çà âðúçêàòà ìåæäó âèðóñèòå, òåõíèòå ãî-
ñòîïðèåìíèöè è ãåíèòå çà àíòèìèêðîáíà ðåçèñòåíòíîñò ïðè îïðåäåëÿíå
íà ôàêòà äàëè àíòèìèêðîáíàòà ðåçèñòåíòíîñò íàèñòèíà ìîæå äà ñå ðàç-
ïðîñòðàíÿâà ÷ðåç ôàãè. Òîâà èçñëåäâàíå å ôîêóñèðàíî âúðõó âðúçêàòà
è âúçìîæíèòå çàâèñèìîñòè ìåæäó áàêòåðèîôàãèòå è àíòèìèêðîáíà ðå-
çèñòåíòíîñò íà îñíîâà íà äàííèòå, ñúáðàíè îò ïîâå÷åòî ãðàäñêè ñðåäè
ïî ñâåòà. Ïðîáèòå â äàííèòå ñà êëàñèôèöèðàíè â äâå êàòåãîðèè: âèñî-
êà è íèñêa, ñïîðåä íàáëþäàâàíèòå íèâà íà ãåíè çà àíòèìèêðîáíà ðåçè-
ñòåíòíîñò (AMR). Ïîäõîäúò, èçïîëçâàí â íàøèÿ àíàëèç, ñå ñúñòîè îò
íÿêîëêî ðàçëè÷íè ìåòîäà, êîèòî îöåíÿâàò ðàçëè÷íîòî èçîáèëèå íà ôà-
ãè, òÿõíîòî ðàçíîîáðàçèå â ïðîáèòå, âúçäåéñòâèåòî èì âúðõó êàòåãîðèè
àíòèìèêðîáíà ðåçèñòåíòíîñò è àñîöèàöèè ñ àíòèìèêðîáíè ðåçèñòåíòíè
ãåíè. Âðúçêàòà ìåæäó ôàãèòå, òåõíèòå ãîñòîïðèåìíèöè è àíòèìèêðîá-
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íàòà ðåçèñòåíòíîñò ñúùî å èçñëåäâàíà ÷ðåç áåéñîâ ïðîñòðàíñòâåí ìîäåë,
èçïîëçâàéêè êàòåãîðèÿòà çà àíòèìèêðîáíà ðåçèñòåíòíîñò (íèñúê ñðåùó
âèñîê) êàòî ôàêòîð. Óñòàíîâÿâàìå ïî-âèñîê îòíîñèòåëåí ðèñê çà ôàãè,
êîèòî èíôåêòèðàò Staphylococcus aureus ñàìîñòîÿòåëíî èëè åäíîâðåìåí-
íî ñúñ Staphylococcus aureus è Acinetobacter baumannii â ãðóïàòà ñ âèñîêà
AMR, êîåòî ïðåäïîëàãà, ÷å òåçè ôàãè ìîæå äà èìàò ðîëÿ â ðàçïðîñòðàíå-
íèåòî íà àíòèìèêðîáíè ãåíè. Íîâîòî â òàçè ðàçðàáîòêà å ïðèëîæåíèåòî
íà Áåéñîâèÿ ïðîñòðàíñòâåí ìîäåë.

Èäåÿòà çà ìåòàãåíîìíè èçñëåäâàíèÿ ñå îñíîâàâà íà ïîêîëåíèåòî îò
îãðîìíè íàáîðè îò äàííè îò êðàòêè ïîñëåäîâàòåëíîñòè íà ÷åòåíå îò ïðî-
êàðèîòíè êëåòêè â ìèêðîáíè îáùíîñòè. Àíòèìèêðîáíèòå ïðîôèëè ïî-
êàçâàò ðåãèîíàëíè ðàçëè÷èÿ â ãëîáàëíà ãðàäñêà êàíàëèçàöèÿ è Subway
è Urban ñðåäè. Íÿêîè ïðîó÷âàíèÿ ñúùî èçñëåäâàò âðúçêà ìåæäó ðàç-
íîîáðàçèåòî íà áàêòåðèîôàãèòå è ARG ïðîôèëè. Ìíîãî îò ñúùåñòâóâà-
ùèòå èíñòðóìåíòè çà àíàëèç ìåòàãåíîìíèòå ïîñëåäîâàòåëíîñòè ðàç÷èòàò
íà òàêà íàðå÷åíèÿ k-mer ïîäõîäè çà èçâëè÷àíå íà ìèêðîáíè òàêñîíè îò
òàêèâà äàííè. Íÿêîè ñêîðîøíè ìåòîäè ñà ðàçðàáîòåíè âúç îñíîâà íà ïîä-
õîäè çà çàäúëáî÷åíî îáó÷åíèå çà íàìèðàíå íà ïîòåíöèàëíè ìóòàöèè èëè
âèðóñíè ïîñëåäîâàòåëíîñòè.

Ïðåäèçâèêàòåëñòâîòî CAMDA2021 ïðåäîñòàâÿ íàáîð îò 124 ïðîáè îò
ñðåäè íà ìåòðîòî è ãðàäñêèÿ îáùåñòâåí òðàíñïîðò ïî âñè÷êè êîíòèíåíòè,
ðàçäåëåíè íà äâå ãðóïè âúç îñíîâà íà òåõíèòå ARG ïðîôèëè (62 âèñîê
è 62 íèñúê AMR ïðîáè). Áðîé íà îïåðàòèâíàòà òàêñîíîìè÷íà åäèíèöà
(OTU), òàêñîíè íà ôàãè, íîðìàëèçèðàíè êàòî ïðî÷èòàíèÿ íà ìèëèîí
(RPM) áÿõà èçâëå÷åíè îò ïîñëåäîâàòåëíîñòèòå íà shotgun sequences íà
ïðîáè, èçïîëçâàùè Kaiju - v1.8.2 ìåòàãåíîìåí êëàñèôèêàòîð ñ âèðóñíà-
òà áàçà äàííè íà Íàöèîíàëíèÿ öåíòúð çà Áèîòåõíîëîãè÷íà èíôîðìàöèÿ
(NCBI). Êëàñèôèêàòîðúò èçïîëçâà êëàñèôèöèðàíå íà íèâî ïðîòåèí è ïî-
ñòèãà âèñîêà ÷óâñòâèòåëíîñò. Îáùèÿò áðîé íà íåíóëåâèòå èçîáèëíè âèðó-
ñè å 6618 äîêàòî îáùèÿò áðîé íà íåíóëåâèòå èçîáèëíè ôàãè å 2687. Ñúùî
òàêà áÿõà èçâëå÷åíè áàêòåðèàëíè òàêñîíè, èçïîëçâàéêè proGenomes áàçà
äàííè è áåøå îáîáùåí ðàç÷èòà íà íèâîòî íà âèäà. Çà AMR èçîáèëèåòî
áÿõà èçïîëçâàíè äàííèòå îò ïðîôèëà íà ARG, ïðåäîñòàâåíè îò CAMDA
è Pangea, êîèòî âêëþ÷âàò íîðìàëèçèðàíè ìíîæåñòâà êàêòî íà ARG, òàêà
è íà êëàñîâå òàêñîíè.

Åäíà îò íîâîñòèòå íà òàçè ðàçðàáîòêà å ïðèëîæåíèåòî íà CoDa àíà-
ëèç. Êîìïîçèöèîííèòå äàííè (CoDa) ñà âåêòîðè íà íåîòðèöàòåëíè êîì-
ïîíåíòè, ïîêàçâàùè îòíîñèòåëíîòî òåãëî èëè âàæíîñò íà íàáîð îò ÷à-
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ñòè â îáùàòà ñóìà. ×àñòèòå íå ìîãàò äà ñå òúëêóâàò èçîëèðàíè åäíà îò
äðóãà. Ñòàíäàðòíè ìåòîäè êàòî êîðåëàöèîíåí àíàëèç, êîéòî ïðåäïîëàãà
Åâêëèäîâàòà ãåîìåòðèÿ, ïðèëîæåíà äèðåêòíî êúì êîìïîçèöèîííè äàí-
íè, ìîæå äà äîâåäå äî ïðèñòðàñòèÿ â ðåçóëòàòèòå, òúé êàòî ïðèìåðíîòî
ïðîñòðàíñòâî çà êîìïîçèöèîííè äàííè å ñèìïëåêñ. Åäèí îò ÷åñòî ñðåùà-
íèòå ïîäõîäèòå çà àíàëèçèðàíå íà êîìïîçèöèîííè äàííè å äà ñå ïðèëàãàò
ñòàíäàðòíè ìåòîäè çà ëîãàðèòìè÷íî ñúîòíîøåíèå òðàíñôîðìèðàíè äàí-
íè è ñëåä òîâà èçïîëçâàéòå îáðàòíà òðàíñôîðìàöèÿ íà ëîãàðèòìè÷íî
ñúîòíîøåíèå, çà äà ñå âúðíåòå êúì îðèãèíàëíîòî ïðîñòðàíñòâî. Äàííè-
òå ñå ñ÷èòàò çà êîìïîçèöèîííè, àêî ñå ñúñòîÿò îò âåêòîðè ñ ïîëîæèòåëíè
êîìïîíåíòè, ÷èÿòî ñóìà å ïîñòîÿííà (íàïðèìåð 1 çà ïðîïîðöèè èëè 100
çà ïðîöåíòè). Ïî-êîíêðåòíî, òîâà äåôèíèðà ïðèìåðíîòî ïðîñòðàíñòâî
êàòî õèïåððàâíèíà, íàðå÷åíà Aitchison Simplex

SD =
{
x = (x1, x2, . . . , xD) ∈ RD

+ | ∀ k > 0 ∃! λ > 0 : x = λCk(x)
}
.

Ìåòàãåíîìíèòå äàííè (íàïð. äàííè çà áðîÿ íà OTU) ñà êîìïîçèöèîí-
íè äàííè, òúé êàòî ñáîðúò îò âñè÷êè ñòîéíîñòèòå íà êîìïîíåíòèòå çàâè-
ñÿò îò ïðîöåäóðàòà çà âçåìàíå íà ïðîáè è äàííèòå ñà ïðîïîðöèîíàëíè.
Êàòî âçåìåì ïðåäâèä òàçè ñòðóêòóðà, íèå èçâúðøâàìå äèôåðåíöèàëåí
àíàëèç íà èçîáèëèåòî èçïîëçâàéêè êîìïîçèöèîííè ìåòîäè. Ñðàâíåíè ñà
èçîáèëèåòî íà ôàãèòå çà âèñîêî è íèñêî AMR ïðîáè, çà äà ñå óñòàíî-
âè çà êîè ôàãè èìà ðàçëèêà ìåæäó äâåòå ãðóïè. Èçïîëçâàí å R-ïàêåòà
ALDEx2, êîéòî å ðàçðàáîòåí ñ ïîìîùòà íà Áåéñîâè ìåòîäè çà îòêðèâàíå
íà ANOVA òèï äèôåðåíöèàëíè ðàçëèêè ñïåöèàëíî çà êîìïîçèöèîííè
äàííè. Ñúùî òàêà å èçâúðøåí òî÷åí òåñò íà Fisher, çà äà ñå îòêðèå âúç-
ìîæíî ñâðúõïðåäñòàâÿíå íà ñåìåéñòâàòà íà òàêñîíè íà ôàãè.

Ùå äåôèíèðàìå Àëôà ðàçíîîáðàçèå ñ èíäåêñè Chao1, Shannon, Simpson
è Beta ðàçíîîáðàçèå ñ èíäåêñ íà íåñõîäñòâî íà Áðåé-Êúðòèñ. Àëôà ðàç-
íîîáðàçèåòî èçìåðâà âàðèàöèèòå íà ìèêðîáèòå â åäíà ïðîáà äîêàòî áåòà
ðàçíîîáðàçèåòî èçìåðâà âàðèàöèèòå ìåæäó ïðîáèòå.Â òàçè ðàáîòà ñå èç-
ïîëçâàò è äâåòå ìåðêè, çà äà ñå õàðàêòåðèçèðàò äàííè. Ïî-ñïåöèàëíî ñå
èçïîëçâà òðè èíäåêñà êàòî Chao1 èíäåêñ íà ðàçíîîáðàçèå, êîéòî å îïðå-
äåëåí êàòî

Schao1 = Sobs +
n2
1

2n2

,

êúäåòî Schao1 å èç÷èñëåíèÿò áðîé âèäîâå, Sobs å îáùèÿò áðîé âèäîâå íà-
áëþäàâàíè â èçâàäêàòà, n1 å áðîÿò íà âèäîâåòå, ïðåäñòàâåíè ñàìî îò åäèí
èíäèâèä è n2 å áðîÿò íà âèäîâåòå, ïðåäñòàâåíè îò äâà èíäèâèäà.
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Ñëåä òîâà ñå èçïîëçâà Shannon èíäåêñ, êîéòî å äåôèíèðàí ïî ñëåäíèÿ
íà÷èí:

H = −
S∑

i=1

pi ln pi.

Â òàçè ôîðìóëà pi å äåëúò íà îáùíîñòòà, ïðåäñòàâåíà îò i-òèÿ âèä, à S
å îáùèÿò áðîé íà âèäîâåòå. È äâàòà èíäåêñà Chao1 è Shannon ïðèäàâàò
ïî-ãîëÿìî çíà÷åíèå êúì ïî-ðÿäêî ñðåùàíèòå âèäîâå. Íàêðàÿ ñå èçïîëçâà
èíäåêñà íà Simpson, êîéòî ïðåäñòàâÿ âèäà õåòåðîãåííîñò è ñå îïðåäåëÿ
êàòî

D = 1−
n∑

i=1

p2i ,

êúäåòî pi å îòíîñèòåëíîòî èçîáèëèå íà i-òèÿ âèä â ïðîáàòà. Simpson èí-
äåêñúò âàðèðà îò 0 (íèñêî ðàçíîîáðàçèå) äî ïî÷òè 1. Ïðîòèâíî íà îïè-
ñàíèòå èíäåêñè ïî-ãîðå, èíäåêñúò íà Simpson äàâà ïî-ãîëÿìà òåæåñò íà
ïî-äîìèíèðàùèòå âèäîâå. Èíäåêñúò íà íåñõîäñòâî íà Bray-Curtis å ñòà-
òèñòè÷åñêà ìÿðêà, èçïîëçâàíà çà êîëè÷åñòâåíî îïðåäåëÿíå íà êîìïîçè-
öèîííî ðàçëè÷èå ìåæäó äâå ðàçëè÷íè ïðîáè, áàçèðàíî íà ïðåáðîÿâàíå
âúâ âñÿêà ïðîáà è ñå îïðåäåëÿ ïî ñëåäíèÿ íà÷èí:

BC =

∑n
i=1 |Xij −Xik|∑n
i=1(Xij +Xik)

,

êúäåòî Xij, Xik å áðîÿò íà èíäèâèäèòå âúâ âèäà i âúâ âñÿêà ïðîáà (j, k)
è n å îáùèÿò áðîé âèäîâå â ïðîáèòå. Èçïîëçâàò ñå ãîðíèòå ìåòîäè çà
îöåíêà íà âèäîâîòî áîãàòñòâî, à èìåííî Chao 1, èíäåêñèòå íà ðàçíîîáðà-
çèå íà Shannon-Wiener è Simpson êàòî âíåäðåíè â ïàêåòà R âåãàí. Ñúùî
ñå èçâúðøâà òåñò íà Kruskal-Wallis çà ñðàâíÿâàíå íà ìåðêèòå çà ðàçíî-
îáðàçèå ïðåç AMR ñòàòóñ è ãåîãðàôñêî ìåñòîïîëîæåíèå. Ïðèëàãàìå ñå
îãðàíè÷åí àíàëèç íà ïðèíöèïà ñ íåñõîäñòâîòî íà Áðåé-Êúðòèñ (capscale
îò R ïàêåò âåãàí). Ñúùî ñå èçïîëçâà PERMANOVA (ôóíêöèÿ àäîíèñ âúâ
âåãàí ïàêåòà), êîÿòî ðàçäåëÿ ñóìèòå íà êâàäðàòèòå, èçïîëçâàéêè ïîëó-
ìåòðè÷íè è ìåòðè÷íè ìàòðèöè íà ðàçñòîÿíèåòî. Òîé èçâúðøâà ïîäîáíè
íà ANOVA òåñòîâå íà âàðèàöèÿòà â áåòà ðàçíîîáðàçèåòî, êîåòî ñå îáÿñ-
íÿâà ñ êàòåãîðíè ïðåäèêòîðè êàòî ñúñòîÿíèå íà AMR èëè ãåîãðàôñêî
ìåñòîïîëîæåíèå. Ìåòîäúò îáèêíîâåíî ñå ïðèëàãà ïðè ãîëåìè ãåíåòè÷íè
äàííè êàòî ìåòàãåíîìíè OTU äàííè.

Ìîäåëúò LASSO ñå ïðèëàãà êúì äàííè çà ôàãè çà ïðåäñêàçâàíå íà
âàðèàöèÿòà íà AMR â ðàìêèòå íà ïðîáèòå è âïîñëåäñòâèå çà îò÷èòàíå íà
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äâàòà îñíîâíè êëàñà íà AMR � âèñîê AMR è íèñúê AMR. Íåêà îáîçíà-
÷èì AMR êëàñîâå ïî G, êàòî ñå âçåìàò ñòîéíîñòèòå 1 è 2. Ùå ñå îïèøå
ìîäåë íà ëîãèñòè÷íà ðåãðåñèÿ, êîÿòî ïðåäñòàâÿ êëàñîâèòå óñëîâíè âåðî-
ÿòíîñòè ÷ðåç ëèíåéíà ôóíêöèÿ íà ïðåäèêòîðèòå

Pr(G = 1|x) = 1

1 + exp(−(β0 + x′β))
.

Àëòåðíàòèâíî, òîâà ïðåäïîëàãà

log
Pr(G = 1|x)
Pr(G = 2|x)

= β0 + x
′
β.

Ðàçäåëÿò ñå äàííèòå íà íàáîð çà îáó÷åíèå è íàáîð çà òåñòâàíå è ñå èç-
ïîëçâà êðúñòîñàíî âàëèäèðàíå, êàêòî å ïðåäâèäåíî â Lasso ïàêåòà caret.

Àíàëèçúò âêëþ÷âà è Áåéñîâî ïðîñòðàíñòâåíî ìîäåëèðàíå. Ïðîáèòå â
ïðåäèçâèêàòåëñòâîòî CAMDA2021 èìàò ïðîñòðàíñòâåíà èíôîðìàöèÿ êà-
òî ãåîãðàôñêà øèðèíà è äúëæèíà è ïðåäèøíè ïðîó÷âàíèÿ ïîêàçâàò, ÷å
ìåòàãåíîìíèòå ïðîôèëèòå íà òàêñîíèòå ïîêàçâàò ïðîñòðàíñòâåíè êîðå-
ëàöèè, çàòîâà èçïîëçâàìå áåéñîâ éåðàðõè÷åí ìîäåë, ïî-ñïåöèàëíî Besag�
York�Mollie, êîéòî å êîíâîëþöèîíåí ìîäåë ñ CAR àïðèîðíî ðàçïðåäåëå-
íèå. Ìîäåëúò èçïîëçâà ìàòðèöà W çà ïðîñòðàíñòâåíî ñúñåäñòâî, êîÿòî
èçìåðâà ðàçñòîÿíèåòî ìåæäó ïðîáè âúç îñíîâà íà íàëè÷íàòà ãåîãðàôñêà
èíôîðìàöèÿ êàòî ãåîãðàôñêà øèðèíà è äúëæèíà. Ìîäåëúò ùå îöåíè
ðèñêúò íà ôàãà, êîéòî å ïîñëåäâàùà îöåíêà íà SIR ñúîòíîøåíèå (íàáëþ-
äàâàíî/î÷àêâàíî) íà ôàã â ïðîáè, êúäåòî î÷àêâàíîòî èçîáèëèå å ïðî-
ïîðöèîíàëíî êúì áðîÿ íà ñúîòâåòíèòå òàêñîíè íà áàêòåðèè ãîñòîïðè-
åìíèöè. Ìîäåëúò âêëþ÷âà AMR êàòåãîðèÿ (íèñêà ñðåùó âèñîêà) êàòî
ïîòåíöèàëåí ôàêòîð. Àêî îòíîñèòåëíèÿò ðèñê íà ôàãà å ïî-âèñîêà îò 1
è íàäåæäíèÿò íàáîð îò êàòåãîðèÿ AMR ãî ïðàâè äà íå âêëþ÷âà íóëà,
ìîæåì äà çàêëþ÷èì, ÷å èçîáèëèåòî íà ôàãà å ïî-âèñîêî îò òîâà, êîå-
òî áèõìå î÷àêâàëè âúç îñíîâà íà áðîÿ íà áàêòåðèèòå ãîñòîïðèåìíèöè è
òîçè ïî-âèñîê ðèñê ìîæå ÷àñòè÷íî äà ñå îáÿñíè ñ àíòèìèêðîáíàòà êàòå-
ãîðèÿ ñúñòîÿíèå. Íàïðèìåð åäíà AMR ãðóïà (íàïð. âèñîêà) èìà ïîâèøåí
ðèñê, äîêàòî äðóãàòà ãðóïà (íàïð. íèñúê) èìà íàìàëåí ðèñê ñïðÿìî î÷à-
êâàíèòå ÷èñëà êîèòî ñà ïðîïîðöèîíàëíè íà áàêòåðèÿòà ãîñòîïðèåìíèê
íà ôàãà. Ñúîòâåòíèòå áàêòåðèè ãîñòîïðèåìíèöè çà âñåêè ôàã áÿõà íà-
ìåðåíè îò https://www.genome.jp/virushostdb/. Â ñëó÷àé, êîãàòî ôàãèòå
çàðàçÿâàò ïîâå÷å îò åäíà áàêòåðèÿ ñå âêëþ÷âà äîïúëíèòåëíîòî èçîáè-
ëèå îò áàêòåðèè ãîñòîïðèåìíèöè â ìîäåëà. (Çà îïèñàíèå íà ìîäåëà â
ïî-ñòðîãè ìàòåìàòè÷åñêè òåðìèíè, âèæòå Lawson.)
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Oi|Ei, θi ∼ Poisson(Eiθi), i = 1, . . . , n

ln(θi) = β0 + νi + ui

Òóê ν ñà ïðîñòðàíñòâåíî íåñòðóêòóðèðàíè ñëó÷àéíè åôåêòè êîèòî ïðè-
åìàò íîðìàëíî ðàçïðåäåëåíèå, äîêàòî u ñà ïðîèçâîëíè åôåêòè, êîèòî
óëàâÿò ïðîñòðàíñòâåíàòà àâòîêîðåëàöèÿ ìåæäó ïðîáèòå. Òîãàâà

ui|uj, j 6= i, W ∼ N

 1

ni

∑
i∼j

uj,
σ2
u

ni

 .
ÈçïîëçâàìåW = 1−D (íîðìàëèçèðàíî ðàçñòîÿíèå), êîåòî å ñúñåäíà-

òà ìàòðèöà ìåæäó ïîçèöèèòå çà ãåîãðàôñêà øèðèíà è äúëæèíà íà ïðî-
áèòå. Ïðèåìà ñå, ÷å îòêëèêúò ñëåäâà ðàçïðåäåëåíèåòî íà Ïîàñîí è òîé îò-
÷èòà ñâðúõäèñïåðñèÿòà V ar(O) > E(O) è òîâà å ïðåäèìñòâî ïðåä ÷èñòèÿ
ìîäåë íà Ïîàñîí. Íèå èçïîëçâàìå èçïúëíåíèåòî íà áåéñîâèòå íàñòðîéêè
â ïàêåòà R 3.6.3 CARBayes, êúäåòî èçâîäúò ñå îñíîâàâà íà Ìàðêîâ âåðè-
ãà Ìîíòå Êàðëî ñèìóëàöèÿ (MCMC). Çà èçìåðâàíå íà ïðîñòðàíñòâåíàòà
àâòîêîðåëàöèÿ å èçïîëçâàí I òåñòúò íà Moran. Ñõîäèìîñòòà íà ìîäåëà
ñúùî ñå ïðîâåðÿâà îò Geweke z-scores. Íèå äîïúëíèòåëíî èç÷èñëÿâàíå íà
êîðåëàöèèòå ìåæäó ôàãèòå è ñïåöèôè÷íè ARG.

Àíàëèçúò íà CoDa èäåíòèôèöèðà ôàãè, ïîêàçâàùè ðàçëè÷íî èçîáè-
ëèå ìåæäó ãðóïè ñ âèñîêà è íèñêà AMR. Ïî-ãîëÿìàòà ÷àñò îò òåçè ôàãè
ïðèíàäëåæàò íà Ñåìåéñòâî Myoviridae.

Èçïîëçâàéêè ìàøèííî îáó÷åíèå, èäåíòèôèöèðàõìå ôàãè, êîèòî ìî-
ãàò äà ñå èçïîëçâàò êàòî ïðåäèêòîðè íà AMR ñòàòóñ: èäåíòèôèöèðàíèòå
òàêñîíè ïðèíàäëåæàò ãëàâíî êúì Myoviridae è ñåìåéñòâî Siphoviridae.
Ïðîñòðàíñòâåíèÿò áåéñîâ ìîäåë ïîêàçà ïî-âèñîê îòíîñèòåëåí ðèñê îò
èçîáèëèå íà ôàãè â ãðóïàòà ñ âèñîêà AMR, êîãàòî ñå êîíòðîëèðà èçîáè-
ëèåòî íà ãîñòîïðèåìíèêà, êîåòî ïîêàçâà ÷å ôàãèòå ìîãàò äà èãðàÿò ðîëÿ
â ðàçïðîñòðàíåíèåòî íà ARG.

Abstract

Bacteriophages and their potential contribution to antimicrobial resistance
have attracted growing attention in the context of medicine and pharmaceutics.
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A major objective of the CAMDA challenge is to acquire more knowledge
about the relationship between viruses, their hosts and antimicrobial resistance
genes in determining if antimicrobial resistance indeed can spread through
phages. This study is focused on exploring the relationship and possible
dependencies between bacteriophages and antimicrobial resistance based on
the data collected from urban environments all over the world. The samples
in the data are classi�ed into two categories: high and low, according to
the observed levels of antimicrobial resistance (AMR) genes. The approach
used in our analyses consists of several di�erent methods which assess the
di�erential abundance of phages, their diversity across samples, the impact
on antimicrobial resistance categories and associations with antimicrobial
resistance genes. The relationship between phages, their hosts and antimicrobial
resistance is also explored by a Bayesian spatial model, using the antimicrobial
resistance category (low vs high) as a factor. We found a higher relative risk
for phages known to infect Staphylococcus aureus alone or both Staphylococcus
aureus and Acinetobacter baumannii in the high AMR group, which implies
that these phages may have a role in the dissemination of antimicrobial genes.
The new approach in this methodology is the application of Bayesian spatial
model.

The idea of metagenomic studies is based on generation of huge datasets
of short read sequences from prokaryotic cells in microbial communities.
Antimicrobial pro�les exhibit regional di�erences in global urban sewage and
Subway and Urban environments. Some studies also explored the relationship
between bacteriophage diversity and ARG pro�les. Many of the existing tools
for analyzing metagenomic sequences rely on the so-called k-mer approaches
to extract microbial taxa from such data. Some recent methods have been
developed based on deep learning approaches to �nd potential mutated or
viral sequences.

The CAMDA challenge provides a set of 124 samples from Subway and
Urban public transport environments across all continents divided into two
groups based on their ARGs pro�les (62 high and 62 low AMR samples).
Operational Taxonomic Unit (OTU) counts of phages taxa normalized as
reads per million (RPM) were extracted from the shotgun sequences of the
samples using Kaiju�v1.8.2 metagenomics classi�er with the virus database
of the National Center for Biotechnology Information (NCBI). The classi�er
uses protein level classi�cation and achieves high sensitivity. The total number
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of non-zero abundant viruses is 6618 while the total number of non-zero
abundant phages is 2687. We also extracted bacteria taxa using proGenomes2
database and summarized the counts on the level of species. For the AMR
abundances we used the ARG pro�le data provided by CAMDA and Pangea
which included normalized sets of both ARGs and taxa classes.

One of the new methods applied in this paper is the CoDa analysis.
Compositional data (CoDa) are vectors of non-negative components showing
the relative weight or importance of a set of parts in a total. Parts cannot
be interpreted isolated from the others. Standard methods such as correlation
analysis, which assumes Euclidean geometry applied directly to compositional
data, may lead to biased results since the sample space for compositional data
is simplex. One of the common approaches of analyzing compositional data is
to apply standard methods to log-ratio transformed data and then use inverse
log-ratio transformation to return to the original space. Data are considered
compositional if they consist of vectors with positive components whose sum
is constant (e.g. 1 for proportions or 100 for percentages). More speci�cally,
this de�nes the sample space as a hyperplane called Aitchison Simplex

SD =
{
x = (x1, x2, . . . , xD) ∈ RD

+ | ∀ k > 0 ∃! λ > 0 : x = λCk(x)
}
.

Metagenomics data (e.g. OTU count data) are compositional data since
the sum of all component values depends on the sampling procedure and
the data are proportional. Taking into account this structure, we perform
di�erential abundance analysis using compositional methods. We compare
the phages abundance for high and low AMR samples to �nd for which phages
there is a di�erence between the two groups. We use the R-package ALDEx2,
which was developed using Bayesian methods for detecting ANOVA type of
di�erential expressions speci�cally for compositional data. We also perform
Fisher exact test to �nd possible overrepresentation of families of phages
taxa.

Finally, we de�ne Alpha diversity with Chao1, Shannon, Simpson indices
and Beta diversity with Bray-Curtis dissimilarity Index. Alpha diversity
measures variation of microbes in a single sample whereas beta diversity
measures variation across samples. For more detailed information about the
applications of diversity measures in metagenomic analysis and the methods
for their calculation. In this work we use both measures to characterize our
data. In particular we use three indices such as Chao1 diversity index, which
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is de�ned as

Schao1 = Sobs +
n2
1

2n2

,

where Schao1 is the estimated number of species, Sobs is the total number
of species observed in the sample, n1 is the number of species represented
by only one individual and n2 is the number of species represented by two
individuals.

Next, we use the diversity index, which is de�ned as

H = −
S∑

i=1

pi ln pi,

where pi is the proportion of the community represented by the ith species
and S is the total number of species. Both Chao1 and Shannon indices give
more importance to less common species. Finally, we use Simpson index,
which presents the species heterogeneity and is de�ned as

D = 1−
n∑

i=1

p2i ,

where pi is the relative abundance of the ith species in the sample. Here
Simpson's index ranges from 0 (low diversity) to almost 1. Contrary to
the indices described above, Simpson index gives more weight to the more
dominant species. The Bray-Curtis dissimilarity index is a statistic measure
used to quantify the compositional dissimilarity between two di�erent samples,
based on counts at each sample and is de�ned as follows

BC =

∑n
i=1 |Xij −Xik|∑n
i=1(Xij +Xik)

,

where Xij, Xik is the number of individuals in species i in each sample
(j, k) and n is the total number of species in samples. We use the above
methods for estimation of species richness, namely Chao 1, Shannon-Wiener
and Simpson diversity indices as implemented in the R package vegan. We
perform Kruskal�Wallis test to compare the diversity measures across AMR
status and geographical location. We apply Constrained Analysis of Principal
Coordinates with Bray�Curtis dissimilarity (capscale from R package vegan).
We also use PERMANOVA (function adonis in the vegan package), which
partitions sums of squares using semi-metric and metric distance matrices.
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It performs ANOVA-like tests of the variance in beta diversity which is
explained by categorical predictors like AMR status or geographical location.
The method is usually applied to large genetic data such as metagenomics
OTU data.

In this study, we apply several types of regression models provided in
R package caret and we focused on Lasso (Least Absolute Shrinkage and
Selection) penalized regression for high-dimensional data. This model adds
a L1 type penalty term (which is estimated from data by cross-validation
technique) for some variables in the model which are highly correlated. As a
result, the penalty term will be able to set up some of the model coe�cients
exactly as zero. Thus, the LASSO is a penalized type of the model selection
approach. The estimated model is more parsimonious and interpretable than
the models obtained with other regression models like the ridge regression.
The LASSO model has many applications because it is an e�cient method in
regression problems that arise in many scienti�c areas. The LASSO model is
applied to the phages data to predict the AMR variation within the samples
and subsequently to account for the two major classes of AMR � High AMR
and Low AMR. Let us denote the AMR classes by G taking the values 1
and 2. As described before, the logistic regression model represents the class-
conditional probabilities through a linear function of the predictors

Pr(G = 1|x) = 1

1 + exp(−(β0 + x′β))
.

Alternatively, this implies that

log
Pr(G = 1|x)
Pr(G = 2|x)

= β0 + x
′
β.

We split the data into a training and a testing set and use cross-validation
as provided in the Lasso implementation of package caret.

Next, we apply Bayesian spatial modeling. Since the samples in CAMDA-
2021 challenge have spatial information such as latitude and longitude and
previous studies indicated that metagenomics taxa pro�les exhibit spatial
correlations, we use a Bayesian hierarchical model, in particular Besag�
York�Mollie, which is a convolution model with a CAR prior. The model
uses a spatial neighbourhood matrix W which measures the distance between
the samples based on the available geographic information such as latitude
and longitude. The model will estimate the phage's risk which is a posterior
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estimate of the SIR ratio (Observed/Expected) of a phage across the samples
where the expected abundances are proportional to the corresponding host
bacteria taxa counts. The model includes the AMR category (low vs high)
as a potential factor. If the phage's relative risk is higher than 1 and the
AMR category credible set does not include zeroand we can conclude that
the phage's abundance is higher than what we would expect based on the
host bacteria counts and this higher risk can be partially explained by the
antimicrobial category status. For example, one AMR group (e.g. high) has
an increased risk while the other group (e.g. low) has a decreased risk relative
to the expected numbers which are proportional to the phage's host bacteria.
The corresponding host bacteria for each phage were queried from

https://www.genome.jp/virushostdb/

In case where phages infect more than one bacteria we include the additional
host bacteria abundance in the model. (For a description of the model in
more strict mathematical terms, see Lawson.)

Oi|Ei, θi ∼ Poisson(Eiθi), i = 1, . . . , n

ln(θi = β0 + νi + ui

Here ν are spatially unstructured random e�ects that assume normal distribution
while u are the random e�ects that capture the spatial autocorrelation between
samples. Then

ui|uj, j 6= i, W ∼ N

 1

ni

∑
i∼j

uj,
σ2
u

ni

 .
We use W = 1 − D (normalized Distance) which is the neighboring

matrix between samples latitude and longitude positions. The response is
assumed to follow Poisson distribution and it accounts for overdispersion
V ar(O) > E(O) and this is an advantage over the pure Poisson model. We
use the Bayesian setting implementation in R 3.6.3 package CARBayes, where
inference is based on Markov chain Monte Carlo simulation (MCMC). The
model is �t with the function S.CARbym from the above package. Moran's I
test was used to measure the spatial autocorrelation. The model convergence
is also checked by Geweke z-scores . We further calculate the correlations
between phages and speci�c ARGs.
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The CoDa analysis identi�ed phages showing di�erent abundances between
high and low AMR groups. The majority of these phages belonged to the
Myoviridae family. Using machine learning, we identi�ed phages that could
be used as predictors of AMR status: the identi�ed taxa belonged mainly
to the Myoviridae and Siphoviridae families. The spatial Bayesian model
showed a higher relative risk of phage abundances in the high AMR group
when controlling for host abundance, which indicates that phages may play
a role in ARG dissemination.

Îáëàñò 4. Ïðèðîäíè íàóêè, ìàòåìàòèêà è èíôîðìàòèêà

4.5 Ìàòåìàòèêà

Ã7. Íàó÷íè ïóáëèêàöèè, êîèòî ñà ðåôåðèðàíè è èíäåêñèðàíè â ñâåòîâíî
èçâåñòíè áàçè äàííè (Web of Science è Scopus), èçâúí õàáèëèòàöèîíèÿ
òðóä.

(Èçèñêâàò ñå 200 òî÷êè, ïðåäñòàâåíè ñà 7 íàó÷íè ïóáëèêàöèè, íîñåùè
îáùî 255 òî÷êè.)

Ã7-1. Ivanova-Aleksandrova, Nadya, Trifonova, Iva, Panayotova, Elitsa, Dimitrov,
Dimitar, Marinov, Martin, Gladnishka, Teodora, Taseva, Evgenia, Ivanova,
Vladislava, Zhelyazkova, Maya, Kamenov , Galin, Zehtinjiev, Pavel, Christova,
Iva, Borrelia Burgdor�eri Infection in Bird-Feeding and Questing Ticks in
Bulgaria, Acta Zoologica Bulggarica, Volume 76, Issue 3, 425-430, September,
2024, ISSN 03240770, https://www.scopus.com/record/display.uri?eid=2-s2.0
-85206994675, SCOPUS Quartile Q4, (36 òî÷êè).

Ðåçþìå

Èçñëåäâàíî áåøå íàëè÷èåòî íà Borrelia burgdorferi sensu lato (ïðè÷èíèòåë
íà Ëàéìñêà áîëåñò) â êúðëåæè Ixodes ricinus îòñòðàíåíè îò äèâè ïòèöè è
ïðè ãëàäíè êúðëåæè. Îáùî 345 êúðëåæà îò 75 îïàðàçèòåíè ïòèöè ïðè-
íàäëåæàùè êúì 10 âèäà è 274 ãëàäíè êúðëåæè, ñúáðàíè îò îêîëíàòà
ðàñòèòåëíîñò, áÿõà èçñëåäâàíè ÷ðåç PCR çà Borrelia burgdorferi s. l. ÄÍÊ
íà ïàòîãåíà å íàìåðåíà â 8,1% (28/345) îò õðàíåùèòå ñå ñ ïòèöè êúðëåæè
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� 10,9% (11/101) â ëàðâèòå è 7,0% (17/244) â íèìôèòå. Ðàçïðîñòðàíåíè-
åòî íà èíôåêöèÿòà å 9,4% ïðè êúðëåæè ñúáðàíè îò êîñ (Turdus merula),
4,0% ïðè êúðëåæèòå îò ïîéíèÿ äðîçä (T. philomelos) è 16,6% îò ÷åðâå-
íîãðúäêàòà (Erithacus rubecula). Îòêðèâàíå íà çàðàçåíè ëàðâè (13,3%),
ñúáðàíè îò êîñ ïðåäïîëàãà, ÷å òîçè âèä ìîæå äà äîïðèíåñå çà ïðåäàâà-
íåòî íà èíôåêöèÿòà êúì âåêòîðà I. ricinus. Îáùîòî ðàçïðîñòðàíåíèå íà
B. burgdorferi â íèìôè å 10,6%. Òîâà å ïúðâèÿò äîêëàä çà çàðàçÿâàíå ñ
B. burgdorferi s. l. íà êúðëåæè I. ricinus îò äèâè ïòèöè â Áúëãàðèÿ.

Çà äà ñå îöåíè åïèäåìèîëîãè÷íàòà ðîëÿ íà êîñà êàòî ðåçåðâîàð ñðàâ-
íèõìå ïðîöåíò íà çàðàçÿâàíå ñ B. burgdorferi s. l. ìåæäó íèìôèòå îò êî-
ñîâå è ãëàäíèòå íèìôè ñ ïîìîùòà íà èíòåðàêòèâåí êàëêóëàòîð (Preacher
2001) çà χ2 (õèêâàäðàò) òåñò. Èç÷èñëåíèÿòà ñà íàïðàâåíè ñúñ ñòåïåíè íà
ñâîáîäà (2-1) * (2-1) = 1 è p-ñòîéíîñò < 0,05 áåøå èçáðàíà êàòî êðèòè÷íà
ñòîéíîñò íà íèâîòî íà çíà÷èìîñò.

Abstract

The presence of Borrelia burgdorferi sensu lato (the agent of Lyme disease) in
Ixodes ricinus ticks removed from wild birds and questing ticks was investigated.
A total of 345 ticks from 75 infested birds belonging to 10 species and 274
questing ticks collected from the surrounding vegetation were examined by
PCR for Borrelia burgdorferi s. l. Pathogen DNA was found in 8.1% (28/345)
of the bird-feeding ticks � 10.9% (11/101) in larvae and 7.0% (17/244) in
nymphs. Prevalence of infection was 9.4% in ticks from the Eurasian blackbird
(Turdus merula), 4.0% in ticks from the song thrush (T. philomelos) and
16.6% from the European robin (Erithacus rubecula). Detection of infected
larvae (13.3%) collected from the Eurasian blackbird suggests that this species
might contribute to the transmission to the vector I. ricinus. The overall
prevalence of B. burgdorferi in the questing nymphs was 10.6%. This is the
�rst report of B. burgdorferi s. l. infection in I. ricinus from wild birds in
Bulgaria.

To assess the epidemiological role of the blackbirds as reservoirs, we
compared the B. burgdorferi s. l. infection rate between the nymphs from the
Eurasian blackbirds and the questing nymphs using an interactive calculator
(Preacher 2001) for χ2 (chisquare) test. Calculations were made with degrees
of freedom (2-1) * (2-1) = 1, and a p-value < 0.05 was chosen as the critical
value of the signi�cance level.

17



Ã7-2. Hodzhev Y, Tsafarova B, Tolchkov V, Youroukova V, Ivanova S, Kosta-
dinov D, Yanev N, Zhelyazkova M, Tsonev S, Kal�n R, Panaiotov S, Visuali-
zation of the individual blood microbiome to study the etiology of sarcoidosis,
Comput Struct Biotechnol J. 2023 Oct 20;22:50-57. doi: 10.1016/j.csbj.2023.
10.027. PMID: 37928975; PMCID: PMC10624578, IF-4.5, Q1, (75 òî÷êè).

Ðåçþìå

Åäèíè÷íèòå ìèêðîáíè ïàòîãåíè è ïî-ðÿäêî äèñáèîçàòà íà ìèêðîáèîìà
íà ãîñòîïðèåìíèêà ñå ñïðÿãàò êàòî îñíîâíè ïðè÷èíèòåëè íà ôèáðîçíè è
ãðàíóëîìàòîçíè áåëîäðîáíè çàáîëÿâàíèÿ, íàïðèìåð ñàðêîèäîçà. Ìåòàãå-
íîìíîòî ñåêâåíèðàíå ïðåäîñòàâÿ âúçìîæíîñò çà àíàëèç íà ìèêðîáèîì-
íèÿ ñúñòàâ â íåãîâàòà öÿëîñò. Ïîëó÷åíèòå îò òîçè òèï äàííè ñà èçñâåñòíè
ñ òîâà, ÷å ñà ñëîæíè ïî ñòðóêòóðà è íåíîðìàëíî ðàçïðåäåëåíè. Äîïúëíè-
òåëíà òðóäíîñò èäâà îò ôàêòà, ÷å ïîâå÷åòî ãðàíóëîìàòîçíè áåëîäðîáíè
çàáîëÿâàíèÿ ñà ñ íèñêà ÷åñòîòà è ñúáèðàíåòî íà ãîëåìè íàáîðè îò ïàöè-
åíòñêè äàííè ïðåäñòàâëÿâà çíà÷èòåëíî ïðåäèçâèêàòåëñòâî. Ïîðàäè òàçè
ïðè÷èíà äàííèòå çà åäèíè÷íè ïàöèåíòè ÷åñòî ìîãàò äà áúäàò îáîáùåíè
ñàìî êà÷åñòâåíî, ïîñðåäñòâîì ðàçëè÷íè ìåòäè çà âèçóàëèçàöèÿ. Èçñëåä-
âàíåòî íà ìàëêè èçâàäêè íàäãðàæäà áàçîâèòå ñòàòèñòè÷åñêè ìåòîäèòå è
äàâà äîïúëíèòåëíè âúçìîæíîñòè çà ñòàòèñòè÷åñêè èçâîä.

Öåëòà íà òîâà èçñëåäâàíå å äà ñå èçâëå÷å ìàêñèìàëíî íàäåæäíà èí-
ôîðìàöèÿ çà êîëè÷åñòâåíèÿ è êà÷åñòâåí ñúñòàâ íà êðúâíèÿ ìèêðîáèîì
íà ãîñòîïðèåìíèêà çà öåëèòå íà äèàãíîñòèêàòà è êëèíèêàòà ïîñðåäñòâîì
òàðãåòíî ìåòàãåíîìíî ñåêâåíèðàíå íà êðúâíè ïðîáè îò åäèíè÷íè ïàöè-
åíòè è ìàëêè èçâàäêè.

Ìåòàãåíîìíèòå ðåçóëòàòè íà ñåäåì ïàöèåíòè ñ áåëîäðîáíà ñàðêîèäîçà
áÿõà ñðàâíåíè ñ òåçè íà 22 çäðàâè ëèöà. Îáùàòà ìèêðîáíà ÄÍÊ áåøå èç-
âëå÷åíà îò ëèçèðàíà êðúâ è ïîäëîæåíà íà òàðãåòíî 16S ñåêâåíèðàíå (ñå-
êâåíèðà ñå ñïåöèôè÷åí ôðàãìåíò îò ãåíúò çà 16S ðèáîçîìíàòà ñóáäåíè-
öè, âêëþ÷âàù ðåãèîíèòå V3 - V4). Ïî÷èñòåíèòå îò àðòåôàêòè äàííè áÿõà
òàêñîíîìè÷íî èäåíòèôèöèðàíè ñ ïîìîùòà íà ñîôòóåðà Kraken 2. Èíäè-
âèäóàëíèòå ìåòàãåíîìíè äàííè áÿõà âèçóàëèçèðàíè ÷ðåç äèàãðàìè íà
Sankey, äèàãðàìè íà Krona è heat map. Áÿõà èäåíòèôèöèðàíè ïåò ðîäà,
êîèòî ïðèñúñòâàò èçêëþ÷èòåëíî èëè çíà÷èòåëíî çàñèëåíî ïðè ïàöèåíòè
ñúñ ñàðêîèäîçà: Veillonella, Prevotella, Cutibacterium, Corynebacterium è
Streptococcus.

18



Ïðåäëîæåíèÿò ïîäõîä ïîçâîëÿâà õàðàêòåðèçèðàíå íà ñúñòàâà è ðàç-
íîîáðàçèåòî íà ìèêðîáèîìà â êðúâòà ïðè ðåäêè çàáîëÿâàíèÿ íà èíäè-
âèäóàëíî íèâî è íà íèâî ìàëêè ïàöèåíòñêè èçâàäêè. Èçñëåäâàíåòî íà
êðúâíèÿ ìèêðîáèîì ïðè ïàöèåíòè ñ ãðàíóëîìàòîçíè áåëîäðîáíè çàáîëÿ-
âàíèÿ ñ íåèçâåñòíà åòèîëîãèÿ, êàòî ñàðêîèäîçà, ìîæå äà äîïðèíåñå çà
ïî-äîáðî ðàçáèðàíå íà ïðîèçõîäà è ïàòîãåíåçàòà èì. Òîâà ïîòåíöèàëíî
áè äîâåëî äî îòêðèâàíåòî íà íîâè ïåðñîíàëèçèðàíè òåðàïåâòè÷íè ïîä-
õîäè.

Óåá-áàçèðàíàòà óñëóãà MicrobiomeAnalyst (äîñòúïíà íà 9 ÿíóàðè 2023
ã.) áåøå èçïîëçâàíà çà ñòàòèñòè÷åñêè àíàëèç íà ìèêðîáèîìíèÿ ñúñòàâ è
ìíîãîîáðàçèå ïðè ïàöèåíòè ñúñ ñàðêîèäîçà â ñðàâíåíèå ñ êîíòðîëíàòà
ãðóïà. Óñëóãàòà èçïîëçâà ïàêåòà MicrobiomeAnalyst R.

Çà îöåíêà íà ñõîäñòâîòî íà ìèêðîáíèÿ ñúñòàâà ìåæäó ïðîáèòå îò
åäíà èçâàäêà � àëôà-ðàçíîîáðàçèå, êîåòî ñå õàðàêòåðèçèðà ñ íîðìàë-
íî ðàçïðåäåëåíèå Áåøå èç÷èñëåí èíäåêñúò íà ìíîãîîáðàçèå íà Shannon.
Ãðóïîâèòå âàðèàöèè â àëôà-ðàçíîîáðàçèåòî áÿõà îöåíåíè ñ ïàðàìåòðè-
÷åí t-òåñò, à íîðìàëíîòî ðàçïðåäåëåíèå íà äàííèòå áåøå ïðîâåðåíî ÷ðåç
òåñòà íà Kolmogorov-Smirnov. Ìåòîäúò çà àíàëèç íà ãëàâíèòå êîîðäèíà-
òè (PCoA) å ïðèëîæåí çà îöåíêà íà ìåæäóãðóïîâîòî áåòà ðàçíîîáðàçèå
(ïàöèåíòè ñïðÿìî êîíòðîëíà ãðóïà), èçïîëçâàéêè èíäåêñà íà íåñõîäñòâî
íà Bray-Curtis.

Íîðìàëèçàöèÿòà íà äàííèòå ñå îñúùåñòâè ÷ðåç ðàçðåæäàíå (rare�cation)
çà ñïðàâÿíå ñ âàðèàöèèòå â äúëáî÷èíàòà íà ñåêâåíèðàíå, êîãàòî áðîÿò íà
ïîñëåäîâàòåëíèòå ñêàíèðàíèÿ â ìåòàãåíîìíèòå áèáëèîòåêè íàäõâúðëÿ 10
ïúòè. Éåðàðõè÷íîòî êëúñòåðèðàíå èçïîëçâà åâêëèäîâà ìÿðêà çà ðàçñòî-
ÿíèå è àëãîðèòúìà íà Ward. Èíäèâèäóàëíîòî íîðìàëèçèðàíî èçîáèëèå
íà íèâî ðîä áåøå ïðåäñòàâåíî ÷ðåç heat map.

Íàñòîÿùåòî èçñëåäâàíå ïîêàçâà, ÷å äèàãðàìèòå íà Sankey è Krona
åôåêòèâíî èëþñòðèðàò òàêñîíîìè÷íîòî ðàçíîîáðàçèå íà êðúâíèÿ ìèê-
ðîáèîì êàêòî íà èíäèâèäóàëíî, òàêà è íà ãðóïîâî íèâî. Ñïîðåä íàñ
äèàãðàìèòå íà Sankey ñà ïî-èíòóèòèâíè è ïîäõîäÿùè çà âèçóàëèçàöèè.
Óñòàíîâèõìå ïîâèøåíî ïðèñúñòâèå íà ïåò ðîäà: Veillonella, Prevotella,
Cutibacterium, Corynebacterium è Streptococcus. Âúïðåêè òîâà, òÿõíàòà
ðîëÿ â ðàçâèòèåòî íà ñàðêîèäîçà è ôîðìèðàíåòî íà áåëîäðîáíè ãðàíóëî-
ìè îñòàâà íå íàïúëíî èçÿñíåíà, íî ïîäîáíî óâåëè÷åíèå ìîæå äà ñå ñ÷èòà
çà ïèëîòåí äèàãíîñòè÷åí ìàðêåð.

Íåîáõîäèìè ñà äîïúëíèòåëíè ïðîó÷âàíèÿ çà ïîòâúðæäàâàíå íà òåçè
ðåçóëòàòè è çà âíåäðÿâàíåòî èì â êëèíè÷íàòà ïðàêòèêà. Â áúäåùå ñúçäà-

19



âàíåòî íà áàçè äàííè ñ ìåòàãåíîìíè, êëèíè÷íè è äåìîãðàôñêè äàííè ùå
ïîäïîìîãíå èäåíòèôèöèðàíåòî íà áèîìàðêåðè è ïðàãîâå çà ïî-åôåêòèâíà
äèàãíîñòèêà.

Òàêúâ àíàëèç ñå ïðàâè çà ïúðâè ïúò â Áúëãàðèÿ.

Abstract

Single microbial pathogens and, less commonly, dysbiosis of the host microbi-
ome are implicated as major causes of �brotic and granulomatous lung diseases,
such as sarcoidosis. Metagenomic sequencing provides the opportunity to
analyze the microbiome composition in its entirety. The data obtained from
this type of analysis are notoriously complex in structure and aberrantly
distributed. An additional di�culty comes from the fact that most granuloma-
tous lung diseases are of low incidence, and collecting large patient data sets
is a signi�cant challenge. For this reason, data from single patients can often
only be summarized qualitatively, using various visualization methods. The
study of small samples extends the scope of descriptive statistics and provides
additional opportunities for statistical inference.

The aim of this study is to extract the most reliable information about the
quantitative and qualitative composition of the host's blood microbiome for
diagnostic and clinical purposes through targeted metagenomic sequencing
of blood samples from single patients and small samples.

Metagenomic results from seven patients with pulmonary sarcoidosis were
compared with those from 22 healthy individuals. Total microbial DNA was
extracted from lysed blood and subjected to targeted 16S sequencing (a
speci�c fragment of the 16S ribosomal subunit gene, encompassing the V3-
V4 regions, is sequenced). Artifact-cleaned data were taxonomically identi�ed
using Kraken 2 software. Individual metagenomic data were visualized using
Sankey plots, Krona plots, and heat maps. Five genera were identi�ed as
being exclusively or signi�cantly overrepresented in patients with sarcoidosis:
Veillonella, Prevotella, Cutibacterium, Corynebacterium, and Streptococcus

The proposed approach allows for the characterization of the composition
and diversity of the blood microbiome in rare diseases at the individual level
and in small patient samples. The study of the blood microbiome in patients
with granulomatous lung diseases of unknown etiology, such as sarcoidosis,
may contribute to a better understanding of their origin and pathogenesis.
This could potentially lead to the discovery of new personalized therapeutic
approaches.
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The web-based service MicrobiomeAnalyst (accessed January 9, 2023)
was used to statistically analyze the microbiome composition and diversity in
sarcoidosis patients compared to controls. The service uses MicrobiomeAnalyst
R package.

To assess the similarity of microbial composition between samples from a
single sample � alpha diversity, which is characterized by a normal distribution
� the Shannon diversity index was calculated. Group variations in alpha
diversity were assessed with a parametric t-test, and the normal distribution
of the data was checked with the Kolmogorov-Smirnov test. Principal coordina-
tes analysis (PCoA) was applied to assess between-group (patients vs. controls)
beta diversity using the Bray-Curtis dissimilarity index.

Data normalization was performed by rare�cation to address variations in
sequencing depth when the number of consecutive reads in the metagenomic
libraries exceeded 10-fold. Hierarchical clustering used Euclidean distance
measure and Ward's algorithm. Individual normalized abundance at the
genus level was represented by a heat map.

Our study shows that Sankey and Krona diagrams e�ectively illustrate
the taxonomic diversity of the blood microbiome at both the individual and
group levels. In our opinion, Sankey diagrams are more intuitive and suitable
for visualization. We found an increased presence of �ve genera: Veillonella,
Prevotella, Cutibacterium, Corynebacterium and Streptococcus. However,
their role in the development of sarcoidosis and the formation of pulmonary
granulomas remains incompletely understood, but such an increase can be
considered as a pilot diagnostic marker.

Further studies are needed to con�rm these results and to implement them
in clinical practice. In the future, the creation of databases with metagenomic,
clinical and demographic data will help identify biomarkers and thresholds
for more e�ective diagnostics.

The novelty is that this is the �rst time such analysis is done in Bulgaria.

Ã7-3.Maya Zhelyazkova, Roumyana Yordanova, Maroussia Slavtchova-Bojko-
va, A Bayesian spatial analysis of mumps data in Bulgaria, Pliska Studia
Mathematica Bulgarica, vol:27, 2017, pages: 123-130, ISSN (print):0204-9805,
ISSN (online): 2367�5535, Ref, Zentralblatt (1424.62179), (18 òî÷êè).
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Áåéñîâèòå ïðîñòðàíñòâåíè ìåòîäè ñà øèðîêî ïðèëàãàíè â ðàçëè÷íè íàó÷-
íè îáëàñòè êàòî åïèäåìèîëîãè÷íè èçñëåäâàíèÿ, îáðàáîòêà íà èçîáðàæå-
íèÿ è ìíîãî äðóãè. Â òàçè ðàáîòà å èçïîëçâàí Áåéñîâ éåðàðõè÷åí ìîäåë
ñ Ãàóñîâî óñëîâíî àâòîðåãðåñèîííî àïðèîðíî ðàçïðåäåëåíèå êúì ñåäìè÷-
íè äàííè çà åïèäåìèÿòà îò çàóøêà îò 2007 ã. â Áúëãàðèÿ. Ãåíåðèðàíà å
êàðòà íà çàáîëÿâàíåòî íà ñóðîâèÿ ñòàíäàðòèçèðàí êîåôèöèåíò íà çàáî-
ëåâàåìîñò âúâ âñè÷êè ðåãèîíàëíè öåíòðîâå. Ñúçäàâà ñå è ïîäîáíî êàð-
òîãðàôèðàíå çà èçãëàäåí îòíîñèòåëåí ðèñê. Êîìáèíàöèÿòà îò ìåòîäè çà
îöåíêà íà îòíîñèòåëíèÿò ðèñê å ìîùåí èíñòðóìåíò çà èäåíòèôèöèðàíå
íà ðåãèîíè ñ ïî-âèñîê ðèñê è ìîæå äà áúäå èçïîëçâàíà çà íàñî÷âàíå íà
ìåñòíèòå âëàñòè è ïðîãðàìè.

Ïðîñòðàíñòâåíèÿò àâòîêîðåëàöèîíåí àíàëèç å ïîëåçåí èíñòðóìåíò çà
àíàëèçèðàíå íà ìèíàëè îãíèùà è ïîäïîìàãàíå íà çäðàâíèòå âëàñòè çà
ðàçáèðàíå íà ïðîñòðàíñòâåíîòî ðàçïðåäåëåíèå íà òàêèâà îãíèùà âúâ âðå-
ìåòî.

Ïðåç 2007 ã. â Áúëãàðèÿ èìàøå åïèäåìèÿ îò çàóøêà. Îò 1 ÿíóàðè
äî 18 ìàðò ñà ðåãèñòðèðàíè 997 ñëó÷àÿ îò 2007 ã. Çàñÿãà íàé-âå÷å ïî-
ìëàäèòå ïîêîëåíèÿ ìåæäó 15-19 è 20-24 ãîäèíè. Îñíîâíàòà ïðè÷èíà çà
åïèäåìèÿòà îò ïàðîòèò å ëîøàòà èìóíèçàöèÿ ïðè òåçè âúçðàñòîâè ãðóïè.
Çà äà ñå ñïðàâÿò ñ åïèäåìèÿòà, çäðàâíèòå âëàñòè ðåøèõà äà ïðåäëîæàò
äîïúëíèòåëíà èìóíèçàöèÿ ñðåùó çàóøêà. Äàííèòå çà çàóøêà â òîâà èç-
ñëåäâàíå ñà èçáðàíè îò ïúðâèòå 12 ñåäìèöè íà 2007 ã., ñúáðàíè îò 28
ðàçëè÷íè ðåãèîíà íà Áúëãàðèÿ. Çà âñåêè ðåãèîí èìàìå 12 íàáëþäåíèÿ,
êîèòî ïðåäñòàâëÿâàò íîâèòå ñëó÷àè íà çàóøêà â ïîñëåäîâàòåëíè ñåäìèöè
íà 2007 ã. Äàííèòå ñà íà Íàöèîíàëíèÿ öåíòúð íà Èíôåêöèîçíè è ïàðà-
çèòíè áîëåñòè. Îñíîâíàòà íè öåë å äà àíàëèçèðàìå ïîâòîðíî äàííèòå çà
çàóøêàòà çà äà ïîëó÷èì ïî-äîáðî ðàçáèðàíå íà åïèäåìèÿòà.

Êàðòîãðàôèðàíåòî íà çàáîëÿâàíèÿòà òúðñè îáëàñòè ñ ïîâèøåí îòíî-
ñèòåëåí ðèñê. Èìà 28 ðåãèîíàëíè öåíòðîâå è 262 îáùèíè â Áúëãàðèÿ.
Îçíà÷àâàìå ñ O = (O1, O2, . . . , On) íàáëþäàâàíèÿò áðîé ñëó÷àè íà çàóø-
êà âúâ âñåêè îáëàñòåí öåíòúð, n = 28 çà ïúðâèòå 12 ñåäìèöè íà 2007
ã. Èç÷èñëÿâàìå î÷àêâàíèÿ áðîé ñëó÷àè Ei, i = 1, . . . , 28 êàòî óìíîæèì
áðîÿ íà õîðàòà âúâ âñåêè îáëàñòåí öåíòúð ïî çàáîëåâàåìîñòòà íà çàóøêà
â Áúëãàðèÿ. Ïðîöåíòúò íà çàáîëåâàåìîñò å áðîÿò íà ñëó÷àèòå íà çàóøêà
çà ïúðâèòå 12 ñåäìèöè íà 2007 ã., ðàçäåëåíè íà íàñåëåíèåòî íà Áúëãàðèÿ.
Íèå ïîëó÷àâàìå ñúîòíîøåíèå íà ÷åñòîòà SIRi = Oi/Ei çà âñåêè ðåãèîí.
Êîåôèöèåíòúò íà çàáîëåâàåìîñò å ãðóáa îöåíêà íà îòíîñèòåëíèÿ ðèñê.
Ñëåä òîâà òúðñèì ðåãèîíè ñ ïîâèøåí ðèñê. Àêî îòíîñèòåëíèÿò ðèñê å
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ïî-ãîëÿì îò åäèíèöà, òîãàâà ðåãèîíúò å èçëîæåí íà ïî-âèñîê ðèñê îò
áîëåñòòà. Àêî îòíîñèòåëíèÿò ðèñê å ïî-ìàëúê îò åäèíèöà, ïîïóëàöèÿòà
å ñðàâíèòåëíî çäðàâà. Ïîíÿêîãà ðèñêúò ñå ïîâèøàâà ñëó÷àéíî ïîðàäè
ìàëúê Ei, çàùîòî çàáîëÿâàíåòî å ðÿäêî èëè íàñåëåíèåòî â ðàéîíà å ìàë-
êî. Åòî çàùî èçïîëçâàìå Áåéñîâè éåðàðõè÷íè ìîäåëè, êîèòî íàìàëÿâàò
âåðîÿòíîñòòà îò ïîâèøàâàíå íà ðèñê ñëó÷àéíî.

Êîíâóëþöèîííèÿ ìåòîä íè äàâà ïî-äîáðà îöåíêà íà ðàçïðîñòðàíåíè-
åòî íà çàóøêàòà, êàòî òîâà å èçïîëçâàíî èíîâàòèâíî â äàäåíàòà ðàáîòà.
Â ñâåòîâåí ìàøàá å ñúùî èíîâàòèâåí. Ìîæå äà ñå èçïîëçâàò â ãåîñòàòè-
ñòèêàòà è àíàëèç íà äàííè îò ãåîëîæêè ïðîó÷âàíèÿ.

Êîíâîëþöèîííèÿò ìîäåë îò÷èòà âëèÿíèåòî íà ñúñåäíèòå îáëàñòè âúð-
õó ðåçóëòàòà îò èçáðàíàòà îáëàñò, êîéòî å ïî-áëèçî äî ðåàëíàòà êàðòèíà
ïðè èçó÷àâàíå íà ðàçïðîñòðàíåíèå íà èíôåêöèîçíà áîëåñò. Òîâà ñå âè-
æäà îò àíàëèçà íà çàáîëåâàåìîñòòà â ðàçëè÷íè îáëàñòè íà ñòðàíàòà.
Êàðòîãðàôèðàíåòî íà SIR å ãðóáî ïðèáëèæåíèå è ïîíÿêîãà å òðóäíî çà
òúëêóâàíå. Åòî çàùî ñå ðàçãëåæäà ãëàäêàòà âåðñèÿ, êîÿòî å êàðòîãðà-
ôèðàíå íà îòíîñèòåëíèÿ ðèñê êàòî ìîäåëíà îöåíêà îò êîíâîëþöèîííèÿ
ìîäåë. Îò äðóãà ñòðàíà ãëàäêîòî êàðòîãðàôèðàíå â íÿêîè ñëó÷àè ìîæå
äà äîâåäå äî ñâðúõèçãëàæäàíå è íÿìà äà ðàçêðèå âñè÷êè õàðàêòåðèñòèêè
íà îòíîñèòåëíèÿ ðèñê.
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Abstract

Bayesian spatial methods have been widely applied in di�erent scienti�c
areas such as epidemiological studies, image processing and many others.
In this work we use Bayesian hierarchical model with Gaussian conditionally
autoregressive prior to a collection of weekly mumps data from 2007 outbreak
in Bulgaria. We generate a disease mapping of the crude standardized incidence
ratio across all regional centers. Similar mapping is also produced for the
smoothed relative risk. The combination of methods for estimates of the
relative risk is a powerful tool to identify high risk regions and may be used
to guide local authorities and programs.

Spatial autocorrelation analysis is a useful tool to analyze past out-
breaks and help health authorities understand the spatial distributions of
such outbreaks over time.

There was an outbreak of mumps in Bulgaria in 2007 as discussed in
Kojouharova et al. There were 997 cases registered between January 1st
and March 18th of 2007. It a�ected mostly younger generations between
ages 15-19 and 20-24. The main reason for the mumps outbreak was the
poor immunisation in these age groups. To deal with the outbreak, the
health authorities decided to o�er a supplementary mumps immunisation.
The mumps data in this study are selected from the �rst 12 weeks of 2007
collected from 28 di�erent regions of Bulgaria. For every region we have 12
observations which represent the new cases of mumps in consecutive weeks of
2007. The data is provided by the National Center of Infectious and Parasitic
Diseases. Our main goal is to reanalyze the mumps data in order to get better
understanding of the outbreak.

Disease Mapping looks for areas with elevated relative risk. There are
28 regional centres and 262 municipalities in Bulgaria. We denote by O =
(O1, O2, . . . , On) the observed number of cases of mumps in each regional
center, n = 28 for the �rst 12 weeks of 2007. We calculate the expected
number of cases Ei, i = 1, . . . , 28 by multiplying the number of people in each
regional center by the incidence rate of mumps in Bulgaria. The incidence
rate is the number of cases of mumps for the �rst 12 weeks of 2007 divided by
the population of Bulgaria. We obtain an incidence ratio SIRi = Oi/Ei for
each region. The incidence ratio is a crude estimate of the relative risk. We
then search for regions with elevated risk. If the relative risk is greater than
one, then the region is exposed to a higher risk of the disease. If the relative
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risk is less than one, the population is comparatively healthy. Sometimes,
the risk is elevated by chance due to small Ei because the disease is rare or
the population in the area is small. That is why we use Bayesian hierarchical
models which decrease the probability of having elevated risk by chance.

The convolution method allows us to better estimate the spread of mumps,
and this has been used innovatively in the given work. On a global scale it
is also innovative. It can be used in geostatistics and analysis of data from
geological surveys.

The convolution model takes into account the in�uence of neighbouring
areas on the outcome of the selected area, which is closer to the real picture
in studying the spread of infectious disease. This is evident in the analysis
of incidence in di�erent areas of the country. The SIR mapping is a crude
approximation and sometimes is hard to interpret. That is why we consider
a smooth version which is disease mapping of the relative risk as a model
estimate from the convolution model. On the other hand the smooth mapping
in some cases can produce oversmoothing and it will not reveal all the features
of the relative risk.

Ã7-4. D. Yovchev, E.Deliverska, J.Indjova, Maya Zhelyazkova, Mandibular
incisive canal: A cone beam computed tomography study, Biotechnology
and Biotechnological Equipment, vol:27, issue:3, 2013, pages:3848-3851, ISSN
(print):1310-2818, Ref, IF, IF (0.31 - 2013), Web of Science Quartile: Q4
(2013), SCOPUS Quartile: Q4 (2013), (36 òî÷êè)
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Öåëòà íà òîâà ïðîó÷âàíå å äà ñå îöåíè íàëè÷èåòî, øèðèíàòà è íà÷àë-
íàòà ÷àñò íà ìàíäèáóëàðíèÿ èíöèçèâåí êàíàë (MIC) è íåãîâàòà âðúç-
êà ñ ìåíòàëíèÿ ôîðàìåí (MF), ñ ïîìîùòà íà êîíóñîâèäíà êîìïþòúðíà
òîìîãðàôèÿ (CBCT). Ìàòåðèàëúò íà èçñëåäâàíåòî âêëþ÷âà 140 CBCT
ñêàíèðàíèÿ, íàïðàâåíè çà ïðåäîïåðàòèâíî ïëàíèðàíå íà ïîñòàâÿíåòî íà
èìïëàíòè. Âíèìàòåëíî ñà ïðîó÷åíè CBCT äàííè îò òðèìà îïèòíè íà-
áëþäàòåëè çà íàëè÷èåòî è ìåñòîïîëîæåíèåòî íà íà÷àëíàòà ÷àñò íà MIC
è âðúçêàòà ìó ñ MF. Âúòðåøíèÿò äèàìåòúð íà MIC â íà÷àëîòî íà êàíàëà
å èçìåðåí òðè ïúòè îò åäèí íàáëþäàòåë. Ñúãëàñèåòî ìåæäó íàáëþäàòå-
ëèòå ïðè èäåíòèôèöèðàíåòî íà MIC áåøå îòëè÷íî (ñðåäíà êàïà ñòîé-
íîñò îò 0,84). MIC å îòêðèò ïðè 92,9 % îò ñëó÷àèòå. Ñðåäíèÿò âúòðåøåí
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âåðòèêàëåí äèàìåòúð íà êàíàëà å 1,44 mm ± 0,39 mm. Äèàìåòúðúò íà
êàíàëà äîñòèãà ìàêñèìóì 2,5 mm. Êàíàëèòå ïðè ìúæåòå è òåçè îò äÿñ-
íàòà ñòðàíà íà äîëíàòà ÷åëþñò ñà çíà÷èòåëíî ïî-øèðîêè. Ïî-ãîëÿìàòà
÷àñò îò MIC �86,3 % (n = 195), çàïî÷âàò ïðåäè ÌÔ (òèï 1); îñòàíàëèòå
� 13.7 % (n = 31), çàïî÷âàò èçêëþ÷èòåëíî áëèçî äî ôîðàìåíà (òèï 2).
MIC å ïî÷òè ïîñòîÿííà íàõîäêà ïðè CBCT ñêàíèðàíå. Â ñëó÷àèòå, êîãà-
òî MIC çàïî÷âà íà íèâîòî íà ìåíòàëíèÿ ôîðàìåí (òèï 2) ëèíãâàëíîòî
ïîçèöèîíèðàíå íà èìïëàíòèòå ìîæå äà ñïàñè íåâðîâàñêóëàðíèÿ ñíîï â
êàíàëà. Âñè÷êî òîâà ùå äîâåäå äî ïî-äîáðè óñëîâèÿ çà îñòåîèíòåãðàöèÿ
è ïðåäîòâðàòÿâàíå íà åâåíòóàëíè íåâðîñåíçîðíè ñìóùåíèÿ.

Âñè÷êè äàííè áÿõà ñúáðàíè è ñòàòèñòè÷åñêè àíàëèçèðàíè îò SPSS
16.0 (SPSS Inc., ×èêàãî, Èëèíîéñ, ÑÀÙ). P-ñòîéíîñòè îò 0,05 èëè ïî-
ìàëêî ñå ñ÷èòàò çà ñòàòèñòè÷åñêè çíà÷èìè. Ñïîðàçóìåíèå ìåæäó íàáëþ-
äàòåëèòå áåøå ïîñòèãíàòî ÷ðåç ðåøåíèå íà ìíîçèíñòâîòî (ïîíå äâàìà
îò òðèìà íàáëþäàòåëè ñà ñúãëàñíè). Êàïà ñòàòèñòèêàòà áåøå ïðèëî-
æåíà çà îöåíêà íà ñïîðàçóìåíèå ìåæäó íàáëþäàòåëèòå. Êàïà êîåôè-
öèåíòúò ñå èíòåðïðåòèðà êàòî ëîøî (0), ñëàáî (0,01�0,20), ñðàâíèòåëíî
(0,21�0,40), óìåðåíî (0,41� 0,60), çíà÷èòåëíè (0,61�0,80) è ïî÷òè ïåðôåêò-
íè (0,81�1,0), ñïîðåä Ëàíäèñ è Êîõ. Ïî îòíîøåíèå íà èçìåðâàíåòî íà
äèàìåòúðà íà èíöèçèâíèÿ êàíàë, âàðèàöèèòå â ðàìêèòå íà íàáëþäàòåëÿ
áÿõà èçðàçåíè ÷ðåç êîåôèöèåíòèòå íà âàðèàöèÿ (CV). Çà îöåíêà áåøå
ïðîâåäåí äâóñòðàíåí íåçàâèñèì t-òåñò çà âúçìîæíè ðàçëèêè ìåæäó ïî-
ëîâåòå è ñäâîåí t-òåñò çà îïðåäåëÿíå íà ðàçëèêèòå ìåæäó äèàìåòðèòå îò
äâåòå ñòðàíè íà äîëíàòà ÷åëþñò.

Abstract

The aim of this study was to assess the presence, width, and initial part
of the mandibular incisive canal (MIC) and its relation with the mental
foramen (MF), by means of cone beam computed tomography (CBCT). The
study material included 140 CBCT scans taken for preoperative planning of
implant placement. CBCT data were examined carefully by three experienced
observers for the presence and location of the initial part of the MIC and its
relation with the MF. The inner diameter of the MIC at the beginning of the
canal was measured three times by one observer. The interobserver agreement
in identi�cation of the MIC was excellent (mean kappa value of 0.84). A MIC
was found in 92.9 % of cases. The mean inner vertical diameter of the canal
was 1.44 mm ± 0.39 mm. The diameter of the canal reached 2.5 mm at
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maximum. The canals in males and these on the right side of the mandibles
were signi�cantly wider. The majority of the MICs �86.3 % (n = 195), began
before the MF (type 1); the rest of them � 13.7 % (n = 31), began extremely
close to the foramen (type 2). The MIC is an almost permanent �nding on
CBCT scans. In cases when the MIC begins at the level of the mental foramen
(type 2) the lingual positioning of the implants could save the neurovascular
bundle in the canal. All this will lead to better conditions for osteointegration
and prevent eventual neurosensory disturbances.

Data and statistical analysis All data were gathered and statistically
analyzed by SPSS 16.0 (SPSS Inc., Chicago, Illinois, USA). P-values of 0.05
or less were considered statistically signi�cant. Agreement between observers
was reached by means of a majority decision (at least two of three observers
agreed). Kappa statistics were applied for assessment of interobserver agreement.
The kappa coe�cient was interpreted as being poor (0), slight (0.01�0.20),
fair (0.21�0.40), moderate (0.41� 0.60), substantial (0.61�0.80), and almost
perfect (0.81�1.0), according to Landis and Koch. Regarding the measurement
of the incisive canal diameter, the intraobserver variations were expressed
by the coe�cients of variation (CV). A two-tailed independent t-test was
carried out to assess possible di�erences between genders, and a paired t-
test to determine di�erences between the diameters on the two sides of the
mandible.

Ã4-5.Maya Zhelyazkova, Roumyana Yordanova, Iliyan Mihailov, Stefan Tsonev,
Dimitar Vassilev, Bioinformatics and Biostatistical Models for Analysis and
Prognosis of Antimicrobial Resistance, Recent Contribution to Bioinformatics
and Biomedical Sciences and Engineering, editor/s:Lecture Notes in Networks
and Systems, Publisher:Springer, 2023, pages:53-62, ISBN:378-3-031-31068-
3, doi:10.1007/978-3-031-31069-0-7, Ref, SCOPUS, SJR (0.151 - 2021), (30
òî÷êè)

Ðåçþìå

Âðúçêàòà ìåæäó áàêòåðèîôàãèòå è àíòèìèêðîáíàòà ðåçèñòåíòíîñò ìî-
æå äà áúäå ïðåðàçãëåäàíà â îáõâàòà íà ïîòåíöèàëíîòî âúçäåéñòâèå íà
ìèêðîáèîëîãèÿòà âúðõó ñúâðåìåííàòà ìåäèöèíà è ôàðìàöåâòèêà. Äîñå-
ãà èçñëåäâàíèÿòà äàâàõà äâóñìèñëåíè ðåçóëòàòè ÷ðåç ïðîó÷âàíå è ïî-
òâúðæäàâàíå íà âëèÿíèåòî íà áàêòåðèîôàãèòå âúðõó ïðîìÿíàòà íà àí-
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òèìèêðîáíè ðåçèñòåíòíè ãåíè. Îñíîâíàòà öåë íà íàøàòà ðàçðàáîòêà å
äà ñå ïðèäîáèÿò íîâè çíàíèÿ êàê âèðóñèòå, òåõíèòå ãîñòîïðèåìíèöè è
àíòèìèêðîáíèòå ðåçèñòåíòíè ãåíè ñà ñâúðçàíè è êàê òåçè îòíîøåíèÿ ìî-
ãàò äà áúäàò èçÿñíåíè â êîíòåêñòà íà ðàçïðîñòðàíåíèå íà àíòèìèêðîáíè
ðåçèñòåíòíè ãåíè ÷ðåç ôàãè. Ïðåäñòàâåíàòà ðàáîòà å îðèåíòèðàíà êúì
èçÿñíÿâàíå íà âðúçêàòà è âúçìîæíèòå çàâèñèìîñòè ìåæäó áàêòåðèîôàãè
è àíòèìèêðîáíà ðåçèñòåíòíîñò. Äàííèòå ñà ñúáðàíè îò ðàçëè÷íè ñðåäè
ïî öåëèÿ ñâÿò. Íàñòîÿùèÿò àíàëèç ñå ñúñòîè îò ðàçëè÷íè áèîèíôîðìà-
òè÷íè è áèîñòàòèñòè÷åñêè ìåòîäè çà îöåíêà íà ðàçëè÷íîòî èçîáèëèå îò
ôàãè, òÿõíîòî ðàçíîîáðàçèå â ïðîáèòå, âúçäåéñòâèå âúðõó êàòåãîðèèòå
àíòèìèêðîáíà ðåçèñòåíòíîñò è àñîöèàöèèòå ñ àíòèìèêðîáíè ðåçèñòåíòíè
ãåíè.

Íîâàòà ÷àñò îò íàøèÿ àíàëèç å èçïîëçâàíåòî íà áåéñîâ éåðàðõè÷åí
ìîäåë, êîéòî îò÷èòà ãåîãðàôñêîòî ìåñòîïîëîæåíèå íà ïðîáèòå è îöåíÿ-
âà îòíîñèòåëíèÿ ðèñê íà áàêòåðèîôàãèòå, êàòî âêëþ÷âà èíôîðìàöèÿ çà
òåõíèòå áàêòåðèàëíè õîñòîâå. Áàêòåðèîôàãèòå ìîãàò äà ïðåäàâàò ãåíèòå
çà àíòèìèêðîáíà ðåçèñòåíòíîñò ÷ðåç áàêòåðèàëíà òðàíñäóêöèÿ èëè ïðå-
äàâàíåòî íà ARG ìîæå äà ñå îñúùåñòâè ÷ðåç áàêòåðèàëíà êîíþãàöèÿ áåç
ó÷àñòèåòî íà áàêòåðèîôàãè. Âúâ âòîðèÿ ñëó÷àé ñå î÷àêâà èçîáèëèåòî íà
ôàãèòå äà å ïðîïîðöèîíàëíî íà èçîáèëèåòî íà õîñòîâåòå. Áåéñîâèÿò ïðî-
ñòðàíñòâåí àíàëèç íè ïîìàãà äà òåñòâàìå õèïîòåçèòå çà ðîëÿòà íà ôàãèòå
â ðàçïðîñòðàíåíèåòî íà ARG, êàòî èçñëåäâàìå êàê ôàãèòå åâîëþèðàò â
ïðîñòðàíñòâåíî êîðåëèðàíè ïðîáè, èçïîëçâàéêè êàêòî èçîáèëèåòî íà ôà-
ãè, òàêà è íà õîñòîâå. Òîçè ìîäåë ùå áúäå ìíîãî ïîëåçåí, êîãàòî èìàìå
òÿñíî ñâúðçàíè îáùèíè è ãðàäîâå, çà äà ìîæåì äà ïðîñëåäèì êàê ôàãèòå
åâîëþèðàò è äàëè îòíîñèòåëíèÿò ðèñê ñå ïðîìåíÿ ïðåç ãðàíèöèòå. Òîâà
å ìíîãî ïîäîáíî íà ìîäåëà çà êàðòîãðàôèðàíå íà çàáîëÿâàíèÿ, íî â òîçè
êîíòåêñò âèðóñúò å áàêòåðèîôàã, à ÷îâåøêèÿò õîñò å ñúîòâåòñòâàùèÿò
áàêòåðèàëåí õîñò.

Abstract

The relationship between bacteriophages and antimicrobial resistance could
be regraded in the scope of potential impact of microbiology on contemporary
medicine and pharmaceuticals. Till now research projects have some ambiguous
outcomes by examining and con�rming the in�uence of bacteriophages on
variation of antimicrobial resistance genes. The major goal of our study is
to acquire a new knowledge how the viruses, their hosts and antimicrobial
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resistance genes are related and how these relations can be clari�ed in the
context of antimicrobial resistance dissemination through phages. The presented
work is oriented towards zooming in the relationship and possible dependencies
between bacteriophages and antimicrobial resistance. The data has been
collected from di�erent city environments all over the world. Our analyses
consist of di�erent bioinformatics and biostatistical methods for assessment
of the di�erential abundance of phages, their diversity across samples, the
impact on antimicrobial resistance categories and associations with antimicro-
bial resistant genes.

The novel part of our analysis is the use of a Bayesian hierarchical model
to take into account the geographical location of the samples and estimate
the relative risk of the phages by incorporating information about their host
bacteria. The bacteriophages can transmit the antimicrobial resistance genes
through bacterial transduction or the ARG transmission can be achieved
through bacterial conjugation without the involvement of bacteriophages. In
the second case, the phages abundance is expected to be proportional to
the host abundance. Bayesian spatial analysis help us to test the hypotheses
about the role of the phages in the dissemination of ARG by examining how
the phages evolved across spatially correlated samples using both phages
and hosts abundances. This model will be very useful when we have closely
related municipalities and cities so we can track how the phages evolve and
if the relative risk changes across borders. This is very similar to the disease
mapping model but in this setting the virus is a bacteriophage and the human
host is the corresponding bacteria host. For improving the accuracy of the
model, we can further use several additional factors as potential covariates:
climate conditions and antibiotic usage.

Ã4-6. Maya Zhelyazkova, Roumyana Yordanova, Iliyan Mihaylov, Stefan
Kirov, Stefan Tsonev, David Danko, Dimitar Vassilev, Bayesian Hierarchical
Modelling for Antimicrobial Resistance , Contemporary Methods in Bioinfor-
matics and Biomedicine and their Applications, Lecture Notes in Networks
and Systems, Publisher:Springer, 2022, pp: 79-87, ISSN (print):2367-3370,
ISSN (online):2367-3389, ISBN:978-3-030-96637-9, doi:https://doi.org/10.1007/
978-3-030-96638-6, Ref SCOPUS, SJR (0.17-2021), International, (30 òî÷êè).

Ðåçþìå
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Àíòèìèêðîáíàòà ðåçèñòåíòíîñò ïðåäñòàâëÿâà ñåðèîçåí çäðàâåí ïðîáëåì.
Ðàçðàáîòåíè ñà èç÷èñëèòåëíè è ñòàòèñòè÷åñêè ïîäõîäè çà îòêðèâàíå è
êëàñèôèêàöèÿ íà àíòèìèêðîáíà ðåçèñòåíòíîñò. Òåõíîëîãèèòå íà ñåêâå-
íèðàíå îò ñëåäâàùî ïîêîëåíèå íè ïîçâîëÿâàò äà àíàëèçèðàìå ñëîæíè
ìåòàãåíîìíè ñúîáùåñòâà, êàêòî è íàëè÷èåòî íà ðåçèñòîìè â òÿõ. Â òàçè
ðàáîòà å ïðèëîæåí áåéñîâ éåðàðõè÷åí ïðîñòðàíñòâåí ìîäåë çà îöåíêà íà
îòíîñèòåëíèÿ ðèñê îò ñâúðçàíè ñ àíòèìèêðîáíà ðåçèñòåíòíîñò òàêñîíè
÷ðåç èçïîëçâàíå íà íàëè÷íàòà ïðîñòðàíñòâåíà èíôîðìàöèÿ íà ïðîáè.

CAMDA2020 íàáîð îò äàííè å ïîñëåäîâàòåëíîñòíè îò äàííè çà ïðîáè-
òå, âçåòè íà 21 þíè ïðåç 2016 è 2017 ãîäèíà. Çà âñåêè ãðàä èìà îêîëî 50
ïðîáè, ðàçïðåäåëåíè â ðàçëè÷íè çîíè íà ìåòðîòî. Âñÿêà ïðîáà å ñåêâåíè-
ðàíà ñ ñðåäíî 6 ìèëèîíà äâîéíè ÷åòåíèÿ ñ äúëæèíà 125bp, èçïîëçâàéêè
Illumina NGS ñåêâåíñîðè. Ó÷àñòíèöèòå èìàò äîñòúï äî ïîâå÷å îò 1000
ïðîáè ñ äâîéíè ÷åòåíèÿ îò 23 ãðàäà íà ðàçëè÷íè êîíòèíåíòè. Ìåòàäàííè
çà âñÿêà ïðîáà è çà âñåêè ãðàä âêëþ÷âàò ïðîñòðàíñòâåíà èíôîðìàöèÿ,
äàííè çà âðåìåòî (òåìïåðàòóðà, íàëÿãàíå, âàëåæè, âëàæíîñò) è äåìî-
ãðàôñêè äàííè (íàñåëåíèå, ïëúòíîñò íà íàñåëåíèåòî, âèä íà íàñåëåíîòî
ìÿñòî).

Ïúðâè÷íàòà îáðàáîòêà íà äàííèòå å ñ ïîìîùòà íà Trimmomatic v0.39
ñ ñëåäíèòå ïàðàìåòðè: ìèíèìàëíà äúëæèíà îò 50 è ñðåäíî êà÷åñòâî â
ïðîçîðåö ñ ðàçìåð 3, êîåòî íå å ïî-ìàëêî îò 20. Áàçàòà äàííè çà àíòè-
ìèêðîáíà ðåçèñòåíòíîñò îò NCBI ñúäúðæà ïîñëåäîâàòåëíîñòè íà ãåíè,
ñâúðçàíè ñ àíòèìèêðîáíè ðåçèñòåíòíè ìèêðîîðãàíèçìè. Âñåêè îò ãåíèòå
å ñâúðçàí ñ êîíêðåòåí ìèêðîáåí âèä (OTUs), êàòî OTU îçíà÷àâà îïåðà-
òèâíà òàêñîíîìè÷íà åäèíèöà. Ñúîòâåòíèòå ïîñëåäîâàòåëíîñòè âúâ ôîð-
ìàò fasta ñå èçïîëçâàò â êëàñèôèêàòîðà Kaiju çà ìåòàãåíîìèêà. Îáùèÿò
áðîé íà âèäîâåòå, êîèòî ïðèòåæàâàò òàêñîíè íà àíòèìèêðîáíà ðåçèñòåíò-
íîñò (ãåíèòå) â èçñëåäâàíåòî, å 443. Äîïúëíèòåëíî òðàíñôîðìèðàìå ñó-
ðîâèòå áðîéîâå â RPKM (reads/kilobase/million mapped reads). Òúé êàòî
äàííèòå ñà âçåòè â ðàçëè÷íè äíè (åäíà ãîäèíà ïî-êúñíî), ïðè òÿõíîòî
ðàçãëåæäàíå íàáëþäàâàìå ñèëåí åôåêò íà ïàðòèäèòå è çàòîâà ðåøèõìå
äà àíàëèçèðàìå äàííèòå ïîîòäåëíî çà âñåêè äåí.

Ïðîñòðàíñòâåíèòå ìîäåëè, êàòî êîíâîëþöèîííèÿ ìîäåë íà Besag-York-
Molie, ñà ïîëåçíè çà îöåíêà íà ðèñêà îò àíòèáèîòè÷íà-ðåçèñòåíòíîñò â
äàäåí ãðàä è ìåæäó ðàçëè÷íè ãðàäîâå è ñòðàíè. Êàðòèòå íà Ôèãóðè 1 è
2, êàêòî è ñðàâíåíèåòî ìåæäó ãðàäîâåòå â Ôèãóðè 3 è 4, ìîãàò äà áúäàò
ìíîãî ïîëåçíè çà îïðåäåëÿíå íà îáëàñòè ñ ïî-âèñîê îòíîñèòåëåí ðèñê
çà ñïåöèôè÷íè ðåçèñòåíòíè ìèêðîîðãàíèçìè. Óâåëè÷àâàíåòî íà îáåìà
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íà èçâàäêàòà ÷ðåç ñúáèðàíå íà ïîâå÷å ïðîáè ïî öåëèÿ ñâÿò ùå ïîìî-
ãíå çà èçãðàæäàíåòî íà ïî-äîáðè è ïî-äåòàéëíè êàðòè íà îòíîñèòåëíèÿ
ðèñê îò àíòèáèîòè÷íè-ðåçèñòåíòíè òàêñîíè. Áeéñîâèòå éåðàðõè÷íè ìî-
äåëè ùå îò÷åòàò òàêà íàðå÷åíîòî "ïðåêîìåðíî âàðèðàíå êîåòî ÷åñòî ñå
íàáëþäàâà ïðè ìåòàãåíîìíè äàííè. Îñâåí òîâà, ìîæåì äà èçïîëçâàìå
íóëåâî-íàñî÷åí ïîàñîíîâ ìîäåë (ñìåñåí ìîäåë îò ðàçïðåäåëåíèå, áàçèðà-
íî â íóëàòà, è ïîàñîíîâî ðàçïðåäåëåíèå) çà áðîÿ, êîãàòî èìà èçëèøúê îò
íóëè. Äîïúëíèòåëíè ïðîñòðàíñòâåíè ìîäåëè, êàòî òåçè íà Leroux et al.,
Lee and Mitchell è Lee and Sarran, êîèòî ðàçãëåæäàò ëîêàëíî-ãëàäêè ìå-
òîäè, ñúùî ìîãàò äà áúäàò ïðèëîæåíè. Â çàêëþ÷åíèå, å ïðåäëîæåí îöåíå-
íèÿ îòíîñèòåëåí ðèñê êàòî íà÷èí çà õàðàêòåðèçèðàíå íà àíòèáèîòè÷íà-
ðåçèñòåíòíîñò, êîÿòî ìîæå äà áúäå ïîëåçíà â ïðèëîæåíèÿ, ñâúðçàíè ñ
îáùåñòâåíîòî çäðàâå.

Abstract

Antimicrobial resistance poses a serious health problem. Computational and
statistical approaches have been developed for bacterial antimicrobial resistan-
ce discovery and classi�cation. Next generation sequencing technologies allows
us to analyze complex metagenomes and the presence of resistomes in them.
In this work we apply Bayesian hierarchical spatial model to estimate the
relative risk of antimicrobial resistance related taxa by using the available
spatial information of the samples.

CAMDA2020 dataset is sequence data for the samples taken on June
21st in 2016 and 2017. For each city there are about 50 samples spread
across di�erent areas of the subway system. Each sample was sequenced with
an average of 6M 125bp paired-end reads using Illumina NGS sequencers.
Participants have access to more than 1000 samples with pair reads from
23 cities across di�erent continents. Meta data for each sample and for
each city include spatial information, weather data (temperature, pressure,
precipitation, humidity) and demographics (popu- lation, population density,
type of settlement). We preprocess the data using Trimmomatic v0.39 with
the following pa- rameters: minimum length of 50 and the average quality in
a window size of 3 is no less than 20. The antimicrobial resistance database
from NCBI consists of sequences of genes related to antimicrobial resistant
microorganisms. Each of the genes is associated with a speci�c microbial
species (OTUs), where OTU stands for operational taxonomic unit. The
corresponding fasta format sequences are then used in Kaiju metagenomics
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classi�er. The total number of species pos- sessing antimicrobial resistance
taxa (genes) in the study was 443. We further transformed the raw counts
to RPKM (reads/kilobase/million mapped reads). Since the data are taken
on di�erent days (a year apart) when we examined them we observe a strong
batch efect and therefore decided to analyze the data on each day separately.

Spatial models such as the convolution Besag-York-Mollie model are help-
ful in assessing the risk of Antimicrobial resistance inside a city and across
cities and countries. The maps in Figure 1 and 2 and the comparison among
cities in Fig- ures 3 and 4 can be very useful to determine areas of higher
relative risk for speci�c resistant microbes. Collecting more samples across
the globe will help to build better and more detailed maps of relative risk
of antimicrobial resistant taxa. Bayesian hierarchical models will account
for such overdispersion which is commonly observed in metagenomics data.
In addition, we can use a zero-in�ated Poisson model (mixture of a point
mass distribution based at zero and a Poisson distribution) for counts with
excessive zeros. Additional spatial models such as Leroux et al., Lee and
Mitchell and Lee and Sarran which consider locally smooth methods can also
be applied. In conclusion we propose the estimated relative risk as a way to
characterize the Antimicrobial resistance which may be useful in applications
related to public health.

Ã4-7. Ira Dimitrova, Ivan Dimov, Maya Zhelyazkova, E-learning course "Phy-
sical and Colloidal Chemistry"at the universities, Proceedings of the 11-th
International Conference on Virtual Learning, ICVL, October 29-th, 2016,
Publisher: Bucurest University Press, 2016, pages 99-103, ISSN(print):1844-
8933, Ref WoS (30 òî÷êè).

Ðåçþìå

Â äîêëàäà ñå ðàçãëåæäà ïðèëîæåíèåòî íà èíôîðìàöèîííèòå, êîìïþòúð-
íèòå è êîìóíèêàöèîííèòå òåõíîëîãèè ïî äèñöèïëèíàòà ½Ôèçè÷íà è Êî-
ëîèäíà Õèìèÿ�. Íàïðàâåí å ïðåãëåä íà îïèòà â ñúçäàâàíåòî íà òàêèâà
êóðñîâå ïî òîçè ó÷åáåí ïðåäìåò â áúëãàðñêèòå óíèâåðñèòåòè. Ïðåäñòà-
âåí å åëåêòðîíåí êóðñ, ñúçäàäåí â ñèñòåìàòà çà åëåêòðîííî îáó÷åíèå íà
ôàêóëòåò ½Òåõíèêà è òåõíîëîãèè� � ßìáîë, Áúëãàðèÿ. Ñúîáðàçåíè ñà
èçèñêâàíèÿòà íà ïàçàðà íà òðóäà ïðè ñúçäàâàíåòî íà ó÷åáíàòà ïðîãðàìà
ïî òàçè äèñöèïëèíà.
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Abstract

The report deals with the application of information, computer and communi-
cation technologies in the course �Physical and Colloid Chemistry�. A review
was made of experience in the creation of such courses for this academic
subject in Bulgarian universities. Presented is an electronic course, created
in the system for e-learning of faculty �Technics and Technologies� � Yambol,
Bulgaria. Considered are the requirements of the labor market in the creation
of curriculum for this discipline.

Ñîôèÿ, 08.09.2025 ã. /Ì.Æåëÿçêîâà/
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Ðèñ. 1: An interactive map of the sampling locations in London with
estimated low (A) and high (B) relative risk of Staphylococcus aureus AMR.
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Ðèñ. 2: An interactive map of the sampling locations in New York City with
estimated low (A) and high (B) relative risk of Salmonella enterica AMR.
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Ðèñ. 3: Barplot of relative risk estimates of top ten abundant antimicrobial
resistant species using CSD16 samples. The expected relative risk is the
median across the samples for each taxon
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Ðèñ. 4: Barplot of relative risk estimates of top ten abundant antimicrobial
resistant species using CSD17 samples. The expected relative risk is the
median across the samples for each taxon.
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