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EVIDENCES PROPAGATIONS IN BAYESIAN NETWORKS

Abstract. This paper is devoted to some problems of the distribution of several evidences in Bayesian networks.
Currently, there are many different algorithms for calculations in Bayesian networks. Unfortunately, the description
of most algorithms is either absent or only the idea of algorithms is described. Not only algorithms but also ideas for
constructing these algorithms are quite complex. Many questions arise in the process of considering these algorithms
remain unanswered. Some of them can be understood by testing the appropriate software, but many questions remain
unanswered.

We use the idea of dividing the set of network vertices into sets by analogy using the concept of “Generation”.
The concept of "Generation” is convenient to use in the absence of evidence. The presence of evidence requires a
rather complicated adjustment of this concept. However, as a result, the propagation of evidence becomes more
visible, and the corresponding algorithms are greatly simplified.

The presence of several evidences in some cases leads to contradictions, which solutions should be provided for
by the algorithms of the Bayesian network nodes calculations. The modified concept of “Generation” allows one to
find more visual and adequate approaches to resolving contradictions.

Keywords: Bayesian networks, oriented graphs, generation, propagating.

Introduction. Since the beginning of 214 century Bayesian Networks is the most popular tool of
artificial intelligence in different researches. Models that use a Bayesian networks are usually insensitive
to wrong, incomplete, and redundant data. Bayesian networks allow the use of heterogeneous data in
various studies.

Bayesian networks, as a tool for studying models with uncertainties, is considered by many authors.
Pearl J. was the first one who considered more completely the Bayesian networks tool in his works [1] and
[2]. The Bayesian network theory is described quite well in [3], [4], [5].

The use of Bayesian networks in practice is practically impossible without the use of computer
technology and related software. Currently, there are many programs for work with Bayesian networks.
For example, BayesiaLab ([6], [7], [8]), AgenaRisk ([9], [10], [11], [12], [13], [14]), Hugin Expert.
Unfortunately, we could not find a description of the algorithms for calculations in Bayesian networks
which were used in these works.

Main definitions. Bayesian network theory is based on some sections of probability theory and graph
theory. The definitions and concepts of graph theory used in BN theory can be found in [15], [16], [17].
The necessary concepts in probability theory can be found in [18], [19], [20]. The basic principles of BN
theory can be found in [3], [4], [5].

For brevity, we will not give them here.

Use of the concept «Generation». We can distinguish two types of generations - generations of
descendants and generations of ancestors. For a generation of descendants, this is a set of vertices which
have parents only from earlier generations (or do not have parents at all), and have children only in later
generations (or do not have children at all).

For a generation of ancestors, this concept is similar - it is a set of vertices which have children only
in later generations (or do not have children at all) and have parents only from earlier generations (or do
not have parents at all).
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The only difference is that the construction of generations of descendants begins with nodes that do
not have parents, and the construction of generations of ancestors begins with nodes that do not have
descendants.

Generations of descendants are constructed, starting from vertices which do not have parents.

Definition. Generations of descendants are defined as follows:

» Nodes without parents belong to the 0 generation of descendants.

* Nodes with only 0 generation of parents belong to 1generation of descendants.

* Nodes with only 0 and 1generation of parents belong to 2 generation of descendants.

» Nodes with 0, 1, 2, ... K generation of parents belong to K+1 generation of descendants.
The example of partitioning into generations of descendants is shown in figure 1
Generations of descendants for a given Bayesian network:

» Vertices Age and Visit_to_Asia will be assigned to the 0 generation.

» Vertices Smoker and Tuberculosis will be assigned to the 1generation.

» Vertices Cancer and Bronchitis will be assigned to the 2 generation.

e The only vertex TbOrCa will be assigned to the 3 generation.

» Vertices XRay n Dyspnea will be assigned to the 4 generation.

Generations of ancestors are constructed starting from vertices which do not have children.
Definition. Generations of ancestors are defined as follows:

* Nodes with no children belong to the 0 generation of ancestors.

* Nodes with only 0 generation of children belong to 1generation of ancestors.

* Nodes with only 0 and 1generation of children belong to the 2 generation of ancestors.

* Nodes with only 0, 1, 2, ... K generation of children belong to the K+1 generation of ancestors.
The example of partitioning into generations of ancestors is shown in figure 2.

Generations of ancestors for a given Bayesian network:

« Vertices XRay and Dyspnea will be assigned to the 0 generation.

» Vertices ThOrCa and Bronchitis will be assigned to the 1generation.
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Figure 2 - Partitioning into generations of ancestors

« Vertices Cancer and Tuberculosis will be assigned to the 2 generation.

* Vertices Smoker and Visit_to_Asia will be assigned to the 3 generation.

e The only vertex Age will be assigned to the 4 generation.

In most cases, the partitioning of the set of vertices into generation of descendants and generation of
ancestors is significantly different. However, it is not difficult to come up with a graph (Bayesian network)
in which the partitioning into generations of descendants and generations of ancestors is completely
identical.

Propagation ofthe several evidences with the use of “Generation” concept

Initialization of a Bayesian network, i.e. calculation of node values from the values of unconditional
variables (nodes without parents) and conditional probability tables is a fairly simple task. Nevertheless,
we briefly describe the initialization algorithm using the concept of “Generation”.

1. We separate the vertices of the BN into generations of descendants, as described above. Recall
that the O generation consists of vertices without parents. For nodes of 0 generation calculations are not
needed.

2. We will calculate the values for all nodes of the 1generation, using the values of the nodes of the
0 generation and the formula for total probability.

3. We will calculate the values of the nodes of the 2 generation, using the values of the nodes of the
0 generation and the calculated values of the nodes ofthe 1generation, as well as the formula for the total
probability.

4. Similarly, we will calculate the values ofthe nodes of the third generation.

5 .. etc

At some point, some nodes in the Bayesian network get evidence. It is required to recalculate the
values of the network nodes considering the obtained evidence. One of the difficult issues is determining
the order of calculation of Bayesian network nodes. Obviously, the nodes that obtained the evidence do
not need calculations. Also, nodes that do not have parents do not need calculations, if among the
descendants ofthese nodes there are no nodes that have obtained evidence.

It would be interesting to collect in one set all the nodes for which we do not need to make
calculations. This set will be called the zero level of the Bayesian network nodes.

In the next set we will collect all the nodes for the calculation of the values of which there is enough
information from the nodes of the zero level. This set will be called the first level ofthe Bayesian network
nodes.
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In the next set we will collect all the nodes, for the calculation of the values of which there is enough
information from the nodes of the zero and first levels. This set will be called the second level of the
Bayesian network nodes.

In the next set we will collect all the nodes, for the calculation of the values of which there is enough
information from the nodes ofthe zero, first and second levels. This set will be called the third level ofthe
Bayesian network nodes.Etc.

Let us consider in more detail the construction of various levels of Bayesian network nodes. The
nodes that do not require calculations (nodes ofthe zero level):

1. Nodes that obtained evidences.

2. All descendants and ancestors of the nodes that obtained evidences must be recalculated. It is also
necessary to recalculate all nodes that are descendants of all the ancestors of the nodes that obtained
certificates. These nodes do not belong to 0 level. We remove these nodes from the Bayesian network. We
also remove the nodes that obtained evidence. Then we consider the remaining nodes of the Bayesian
network. These nodes together with arcs form a certain subnetwork of the studied network. From this
subnet, we select nodes that do not have parents. These nodes are also included in the 0 level.

To determine the first, second and other levels, we separate the set of Bayesian network nodes into
two subsets (two subnets): BN1 and BN2. BN1 subnet includes nodes that obtained evidences, these
nodes’ descendants, ancestors, and also the descendants of their ancestors. We assign the remaining nodes
to the BN2 subnet. In the BN2 subnet we define “Generations” as described earlier. 1fthe node belongs to
some generation, then we will assume that this node belongs to the same level. It is easy to understand that
for the calculation of a node of a generation, information on other nodes of a given generation, older
generations, as well as on the nodes of the BN1 subnet, is not required. Only data on the nodes of the
previous levels (maybe not all) are needed.

Some nodes (BN2 subnet) are already distributed across levels. Then we divide the set of nodes of
subnetwork BN1 by levels. First, we replace all the BN1 nodes that are the ancestors of the nodes that
obtained evidences with descendant nodes. To do this, we change the direction of the corresponding arcs.
Let’s denote the new subnet by BN1A. This subnet differs from the BN1 subnet only in the direction of
some arcs. The BN1A subnet will no longer have the ancestors of the nodes obtained evidences - all nodes
will be descendants of the nodes obtained evidences. We divide the BN1A subnet into generations, as
described above. Then we assign a level number equal to a generation number to each node.

The nodes ofthe original Bayesian network are distributed at the same levels as the same nodes in the
auxiliary networks BN1A and BN2.

Thus, all nodes of the Bayesian network will be separated by levels (zero, first, second, etc.). Nodes
belonging to level zero do not need calculations. For the calculation of nodes of the first level we need
only data of some nodes of the zero level. For the calculation of nodes of the second level, we need only
the data of some nodes ofthe zero and first levels. Etc. For calculations we will mainly use the law of total
probability and Bayes formula.

Below we will provide 2 examples of distribution by levels of the training Bayesian network. The
network in both examples is the same, but the nodes that obtained evidences are different. Each level in
the figure is located on a separate line. The first line contains nodes of the zero level.

Example 1

Figure 3a shows some Bayesian network. We have obtained 3 evidences for this network for nodes
C3, C4 and C6. In what order should we make calculations? To determine the order of calculations, we
separate the set of BN nodes into several levels. We refer to the zero level those nodes in which
calculations are not necessary. Obviously, these will be the nodes that obtained evidences (nodes C3, C4
and C6), as well as the nodes that do not have parents, and the nodes among whose descendants there are
no nodes that obtained evidences (nodes C8 and C10). In figure 3b, the zero level is in the top line.
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Figure 3a - Example 1

The first level includes nodes which calculation is required the only information of zero level. These
will be nodes C5, C11, C13, C7 and C9. In figure 3b, these nodes are in the second line.

Figure 3b - Example 1

The second level includes nodes which calculation is required information of the zero and first levels.
These will be nodes C2 and C12. In figure 3b, these nodes are in the third line.

The third level includes nodes which calculation is required information of the zero, first and second
levels. These will be the only node C1. In figure 3b, these nodes are in the fourth line.

The order of calculations:

1. Calculation of nodes ofthe first level using data from some nodes ofthe zero level.

2. Calculation of nodes ofthe second level using data from some nodes of the zero and first levels.

3. Calculation of nodes of the third level using data from some nodes of the zero, first and second
levels.

Example 2.

We consider the same Bayesian network as in the figure 3a. However, we obtain 3 evidences for the
nodes C8, C10 and C13. To determine the order of calculations, we partition the set of BN nodes into
several levels. We refer to the zero level those nodes in which calculations are not necessary. Obviously, it
will be nodes, obtained evidences (nodes C8, C10 and C13), as well as the nodes that do not have parents,
and the nodes among whose descendants there are no nodes that obtained evidences (nodes C5 and C7). In
figure 4a, the zero level is in the top line.

The first level includes nodes which calculation is required the only information of zero level. These
will be nodes C9 and C4. In figure 4a, these nodes are in the second line.
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Figure 4a - Example 2

The second level includes nodes which calculation is required information of the zero and first levels.
These will be the only node C6. In Figure 4a, these nodes are in the third line.

The third level includes nodes which calculation is required information of the zero, first and second
levels. These will be the only node C3. In figure 4a, these nodes are in the fourth line.

The fourth level includes nodes which calculation is required information of the zero, first, second
and third levels. These will be nodes C2 and C11. In Figure 4a, these nodes are in the fifth line.

The fifth level includes nodes which calculation is required information of the zero, first, second,
third and fourth levels. These will be nodes C1 and C12. In Figure 4a, these nodes are in the sixth line.

The order of calculations:

Steps 1-3 we repeat as in the Example 1

4. Calculation of nodes of the fourth level using data from some nodes of the zero, first, second and
third levels.

5. Calculation of nodes of the fifth level using data from some nodes of the zero, first, second, third
and fourth levels.

Conclusion. This paper shows one of the options for determining the propagation order of Bayesian
network nodes in the process of obtaining evidence with use the idea of partitioning of Bayesian network
nodes into independent sets (generations, levels). Nodes, which belong to zero level do not need
calculations. For the calculation of nodes of the next level, we use only the data of some nodes of the
previously calculated levels.

This method allows to develop simpler algorithms for calculations in networks, some nodes of which
have obtained evidences.
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0. Mambip6aeB12 H. JintemHeHkol, 3. LlaaxmeToBa 12

JAKNapaTTbIK X3He ecenTeyLl TEXHONOruAnap UHCTUTYTLI, AnmaTbl, KasakcTaH;
20n-Papabu atbiHgaThl Kasak ynTTeIK yHuBepcuteT Anmartsl, KasakcTtaH

BAMEC XENINEPIHAE KY3M1KTEPA1 HACUXATTAY

AHHOTaums. baifiec >xenra KenmTereH alHbIManblfapfbl, COHAali-ak OCbl aliHbIManbINapAbll, apachbiHAATH
3pTYPAi bIKTUMaAbIK TIYENALIKTEPAI CUNATTaTbIH rpathMKanbIK bIKTUMaAbIK MOAeM Baliec XenLepLULLy Xanbl
MaTeMaTVKa/IbIK annapaTbiH aMeprKaHabIK TasibiM, ThIOPUHT ChIANbITLIHLIL naypeaTsl Pearl J Kypabi.
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Baitec xenici cpaynapabiH apTYpni TUNTepLLe Xayan anyra MYMKIHAIK 6epegi:

*  KyanaHaipyaw, bIKTMMaablk 6arachbl

*  AnpuopnbLL MapruHaniplkK bIKTUManablkTapbl 6aranay.

*  ANocTepropsblK MaprHa/abIK bIKTUMaNbIKTapabl ecentey.

*  AnocTepuopsbiK MakCUMym ecebr

* blkTman 60naTbiH OKuUraHbl TY CIHAIPYAI 3epTTey.

Baiiec »eninepingeri ecenteynep eTte KYpgaeni xasHe kenemgr 10 TopanTaH TypaTblH Gaiiec >keninepiHaeri
ecenTeynep, 34eTTe, ecenTey TEXHWKACbIH NaifanaHydbl, anropuTMaepai AaibiHaayabl, Gargapnamaiblk KoaTa
anropuTMAepai icke acblpyfbl Tanan etegi. baiiec xxenwepsge ecenteynepgi XYprisy KesiHge apTYpni anroputmaep
KOMAaHblnagabl, onapabl Kenecigein xokteyre 6onagbl:

» TonbiK apanblKTap Hemece epecken Kywl agici. TonbIK Taufayabll, KeMLiNiKTepiHe, 34eTTe, TancbipMaHbl
LUeLyre KeTeTL YaKbITTbIH XETKINIKTI Y/IKeH LWbIrbIHAAPbIH XaTKbI3yra 6onagbl.

» KnactepneyaiH TYpni mgesnapblH naiifanaHaTbiH anroputmgep. B~ anroputmgep Xw epecken KYL
34iCiMEH Ca/lbICTbIPraHa XaKcbl yaKbIT YrbICbIH 6epedi. 34eTTe, 0Cbl ITOPUTMAEPTe CaNbIHIaH UAesnap XeTKINiKTi
aLLbIK X3He TYCIHIKTI.

«  TYWingep apacbiHgarsl aknapatThl 6epy(nponarauusnay) uaesnapblH naiifanaHaTblH anroputMaep. Bn
anropuTMaep rpadTap TeopuacbiHAa Xakebl 6inimai Tanan etes.

o OptYpni cA\pbinTaydbl K¥pyaa KongaHaTblH anropuTMaep

» Monte Carlo agici ngeanapbiH nanganaHaTbiH anroputMaep

Makana baiiec enwepsge GipHewe ganengemenepai TapaTyAblH Keibip macenenepiHe apHanraH. Kgiipn
yakbITTa Bailec >xeninepiHge ecenteyneppll KentereH anroputmgepi 6ap. OKiHilWKe opai, anropuTMaepaLy,
KenwiniriHiH cunatTamacbl KapacTbipbliMaraH Hemece TeK alropuTM uiesnapbl cunattairaH. Anroputmaep raHa
emMec, COHbIMEH KaTap 671 anropuTMaepAl K¥py ugeanapbl fa ete KYPaeni. Ocbl a/lrOpUTMAEPLI KapacTbipy KesLwge
OKbIpMaHra KoliblnraH KenTereH CpakTap ayancbl3 Kanafpl. baiiec >keninepiHge anroputMaepdi K¥py KesiHge
Janenpepai Tapaty Maceneci MaHbi3abl 60/1bIn Tabblnagbl.

XKeninik WbIHAAPABIH XMbIHTBITbIH XWbIHTbIKTapra 6eny WAeACbl aHanorus apkbiibl «¥pnak» “bIMblH
KonfaHafdbl. «¥pnak» ¥roiMbl fA3nen 6onmaraH Kesge KonfaHwyra biHravnel.  [anengepgiH  6onybl  ocbl
TKbIpbIMAaMaHbl eaayip KYPaeni TY3eTygi Tanan etegi. Anaiga, HITWKeCiHAe A3nenfepaiH Tapanybl alikbiHbIpak
60nafbl, CANKeCLLLLE aITOPUTMAEP aliTap/bIKTai XeHIiNAeTiNreH.

Keinbip xarpgaiinapga 6ipHewe ganengepaiH 60ybl Kapama-KallblibIKTapra akenegi, onapabiH wewimi baiec
XenwepLugen ecentey anropuTMAepiMeH KamTamacbl3 eTinyi Kepek. «¥pnak» TyXblpblMAamachbl TYbIHAANATbIH
KalLLbINbIKTapAbl LWELIYTe KepHeLL X3He bapabap Tacingepai Tabyra MYMKIHAIK 6epeai.

TYWin cesnep: BaliecTx xeninep, 6arbiTTanraH rpaditap, reHepaLys, Tapary.

O. Mambip6aes12 H. lutenHeHko], A. LLlasxmeToBa 12

"VIHCTUTYT UH(OPMALMOHHbIX 1 BbIYNCIIUTENBHBLIX TeEXHONOrMK, AnMartsl, KaszaxcTaH;
2 Ka3axcKunin HauMOHabHbIA YHUBEPCUTET MMeHM anb-Papabu, Anmartsl, KasaxcTtaH

MPOMAFALNA CBUAETENLCTB B BAMECOBCKUX CETAX

AHHoTauusa. baiiecoBckas ceTb MpeAcTaBnseT Co60i rpatoByt0 BEPOSTHOCTHYH MOAENb, OMUCHIBAIOLLYHO
MHOXECTBO MepeMeHHbIX, a Takke pas/IMuHble BEPOATHOCTHbIE 3aBUCUMOCTY MeXay 3TUMK nepemMeHHbIMU. ObLwuii
mMaTemMaTU4ecKuin annapaT 6aiiecoBCKUX ceTeli paspaboTaH amepuKaHCKUMM Y4éHbim Pearl J, naypeatom npemuu
ThtopuHra.

BailecoBckas ceTb MO3BONSAET NOMYUUTb OTBEThI HA Pa3/INYHbIE TUMbI 3aMPOCOB:

* BeposTHOCTHasA OLEHKa CBUAETENLCTB.

*  OueHKa anpuopHbIX MaprMHasibHbIX BEPOSATHOCTEN.

* PacyeT anocTepropHbIX MaprHa/IbHbIX BEPOSTHOCTEN.

» PacueT anocTepropHOro MakcumymMma.

» ViccnepoBaHne Hambonee BEPOSITHOTO 0OBACHEHWS COObITHA.

PacueTbl B 6aileCOBCKMX CETSAX LOCTATOYHO CMOXHbI U 06bEMHbI. PacyeTbl B 6aiieCOBCKMX CETSX, COAEPXKaLLMX
6onee 10 y3n10B, Kak NpaBu/Io y)ke TPeOytoT MCMOIb30BaHMA BbIYMCANTENIBHON TEXHUKW, Pa3paboTku anropuTmos,
peasm3auym anropuTtMOB B MPOrpamMHOM koge. [pu npoBefeHUM pacyeToB B 6aileCOBCKUX CETAX WMCMOMb3YHOTCS
pasnuyHble anropuTMbl, KOTOPbIE MOXHO KNacCU(MLMPOBaTb, HaNpUMep, CneaytoLwmmM 06pasom:

* [MonHblli nepebop unm MmeTog rpy6oit cumbl. K HegocTaTkam NOMHOrO repebopa MOXHO OTHECTW, Kak
NpaBuo, 4OCTaTOYHO 60/bLUME 3aTPaThl BPEMEHM Ha PeLLEHNE 3aauun.
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*  AropuTMbIl, NCMOMb3YIOLLME Pa3INYHbIE MAEN KnacTepusaumn. [JaHHble airopuTMbl YacTo AakoT XOPOLUWiA
BbINIPbILLI BPEMEHW MO CPABHEHWIO C METOAOM Fpy6oi cunbl. OBbIYHO MAEWN, 3a10XKEHHbIE B AAHHbIX anropuTMax
[0CTaTO4HO NPo3paydHbl Y MOHATHBI.

e ArOpuTMbI, WCMO/b3YIOLWME Waen nepegaun(nponaraumu) uHhopMaLmMn wmexay ysnamu. [aHHble
aNropuTMbl TPEOYHOT LOCTATOYHO XOPOLUUX 3HAHWIA B Teopum rpados.

*  ANropuTMbl, UCMO/B3YHOLLME MOCTPOEHME Pa3/IMYHBIX BbIGOPOK.

e AsropuTmsl, ucnons3ytoLye naeun metoga Monte Carlo.

CraTbal NOCBfiLLleHa HEKOTOpbIM Npo6sieMaM PacnpoCTpaHeHUs HECKONbKUX CBUAETENbCTB B 6aileCOBCKUX
ceTAx. B HacTosLLee Bpems CyLLECTBYET MHOXECTBO Pas/IMuHbIX airopMTMOB A5 pacyeToB B BaiiecoBCckmx ceTax. K
COXaNeHNI0 OMnucaHme GO/bLUMHCTBA arOPUTMOB NGO OTCYTCTBYET, IMOG0 ONMCHIBAETCA NWLUb UAES a/IrOPUTMOB.
He TONbKO anropuTMbl, HO TaKXe U MAeW NOCTPOEHNS AaHHbIX anrOPUTMOB LOCTATOYHO CI0XHbI. MHOrve BONpOChl,
BO3HUKAIOLLME Y YMTATENS MPU PaCCMOTPEHNUU AaHHBIX a/IfTOPUTMOB, OCTaloTcs 6e3 0TBeTa. UTO-TO MOXHO MOHST,
TecTUpys COOTBETCTBYHOLLEe MPOrpaMMHOe o6ecreyeHe, HO MHOTMe BOMPOChI OCTakoTcs 6e3 0TBeTA.

Wcnonb3yeTcs maes pa3dbueHUs MHOXECTBa BEPLUMH CETW Ha MHOXECTBA MO aHanorvu ¢ MCMosb30BaHWEM
NoHATMA «lokoneHue». MoHATME «loKoneHWe» YAOGHO MCMOMb30BaTb NPW OTCYTCTBUM CBUAETENLCTB. Hannune
CBUAETENbCTB TPebyeT AOCTATOUHO C/IOXHOV KOPPEKTUPOBKW AaHHOI0 NoHATUA. OfHaKo B pesy/ibTaTe mponaraums
CBWETENbCTB CTAHOBUTCS 60/Ee HArAAHOM, a COOTBETCTBYHOLLYE a/ITOPUTMbI 3HAUNTEIbHO YMPOLLAKTCS.

Hannure HeCKOMbKMX CBUAETENLCTB B HEKOTOPbIX CAyYasx MPUBOAMUT K MPOTUBOPEUMSAM, PELLEHUE KOTOPbIX
LOMKHO ObITb MPeAYCMOTPEHO anropuTMamMn pacyeToB y310B 6ailecoBCKOW ceTn. MoanduumnpoBaHHOE MOHSATYE
«[OKOMeHNe» MO3BONSET HaxOAUTb 6Gofiee HarnsfHble M afieKBaTHble MOAXOAbl K Pa3pelleHuio BO3HMKAOLLMX
MPOTVBOPEYUIA.

KntoueBble cnoBa: BaliecoBckue CeTW, OPUEHTUPOBAaHHbIE Fpadibl, FeHepaLus, pacnpocTpaHeHMe.
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