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|ntrOdUCthn * Bidirectional Encoder Representations from Mapplng Prediction: Synonym Classifier Evaluatlon
: : Transformers: P @
Ontology Alignment (or Matching) * Formulate as a text classification task for BERT A ANG A SNOMED MASNOMED:
 BERT [Delvin et al. NAACL'19] computes contextual fine-tuning;
: / . . . / : _
* To compute a set of mappings ({(e € 0,e € embeddings for text tokens; BERT training . L= LabelsOf(c): L' == LabelsOf(c'): N = _An extended task of
0',relation, score)) that indicate the semantic T _traini d fine-tuni = LabelsOf (c); L" = LabelsOf (c'); N = SNOMED is “updated”
- : : : NVOIVes pre-training an fine-tuning. IL X L'| (# of all label combinations). according to the most
relationships (e.g., equivalence, subsumption) . Pre-trained BERT models are widely available recent version.
between entities of different ontologies. | | | «  MappingScore(c,c') = v N L
Ontology O Ontology O * Fine-tuning requires a moderate amount of 1 , Hyper-params o Sonbenpanie
_ o Test Mappings 7o Test Mappings
tralnlng resources. Nz(l;l,)ELXL, Synanymscore(l’l) _ System {7, \} Precision Recall Macro-Fl1 Precision Recall Macro-F1
?0 _ (tgt2src, 0.999) 0.705 0.240 0.359 0.649 0.239 0.350
Method Mapping Prediction: Candidate Selection orcp g 0999 0917 0750 085 095 0748 0813
=;C; 2 o oridesch () (ekg0999) 0896 0771 0829 0869 0771 0817
—y =y = . . Ablations 10+1dS+Cp (eX SIC , U.YY : : 0L . . .
‘~~~~ . BERTM o N t h " ¢ Use SUb-WOI'd Inverteal Index-bGSEd IDF scores to g io+ids+cg (ex+1p) (src2t§[,0.999) 0.905  0.771  0.833 0.881  0.771  0.822
S~ = ap ln a u S e . . . . 10+CO (src2tgt, 0.997) NA NA NA 0.937 0.564 0.704
select K candidates for MappIing predlctlon. io-+co+ids (rc2ig, 0999)  NA  NA NA 0850 0714 0.776
Chall | | * Make mapping prediction based on ensembled e Qutcome: Reduce the quadratic search space to ;21221%‘1;@( ) Ezﬁzgtig:gggi NA  NA NA %0 0T g
o o . . =  10+co+1ds+cCp (ex srcZtet, U.YY" . . .
a enges results Of CIaSS |abe| (tEXt) CIaSS|f|Cat|On. ] i0+cn+ids+cg (ex+rp) (src2t§t, 0.999) NA NA NA 0.892 0.786 0.836
.. , , linear. string-match (combined, 1.000) 0987 0194  0.324 0983 0192  0.321
* Ambiguity in naming schemes and ontology * Further refine mappings through graph-based . Baselines|  LogVanLt e "7 Uo6s 0206 033 9% 0201 0336
contexts : : : o Better than word-level because: it can Capture LogMap NA 0935  0.685  0.791 0918  0.681  0.782
' extension and Ioglc-based repalr. , ) , AML NA 0892 0757 0819 0.865  0.754  0.806
. . . various word forms without extra processing and LogMap-ML" NA 0944 0205 0337 0928 0208 0340
« Aligned concepts with different names: muscle deal with unk 4 eculte o EMA-SNOMED
. . . . esults - :
layer in SNOMED- CT and muscularis propria in - cdl With unknown words : L
. . . prditon npus | M o Refi . E : * Ablations of BERTMap settings:
FMA; Different concepts with the same name: e e Scored Mappings apping Rerinement: extension
mushroom that is categorized in both Plant and 4 N ! N\ . Iterativel ' . : highl * Unsupervised settings can already perform rather
Food. [ Tt Onlom O 1——’[ i-ontology Corpus ] [Sub—wm‘dInveftedlndices] @ . €ratively compute new mappings Trom highly well if input ontologies have sufficient class labels;
d . |. h : candidatelselection X Mapping Extension ) Scored mapplngs by SearChIng from the o Semi Supervised Settings are genera”y better than
. uadratic alignment search space. mm e S FRCEEEEEEEETE . : . I : : -
Q 5 P Koo © | Cosonoog Cos [ g mach Mo ]f = respective parents and children of the matched unsupervised ones.
 Extreme positive-negative imbalance (# of correct ~  ‘--mrmmer | e 1 L : entities. | |
mappings <« # of incorrect mappings) e N [ A R I Ko * Complementary corpus is very useful when input
PRING PRING , Conenany Souses o= %y Complenenany Come | I__’[ P Cler ] Iteration: Ontology O Ontology O’ ontologies are deficient in class labels.
- _ Kept . .
B aCkgrOund K Corpora / \ Prediction / Predict {[Super-classesofCJ >< Super-classesofC”} ﬁ ) ° Comp arisons to b asellne S
- = =Class C’
_______ 097 "~ ° . _
e C(Classic (rule-based) OM solutions: LogMap . @9--??:‘65?‘?.’1??--- ' o BERTMap attains the best Fl score on FMA
o | , | 5 <777 S 7777 S /77 S Disjoint SNOMED and FMA-SNOMED+, and nearly the best
[Jiménez-Ruiz et al. ISwc’11] and AML [Faria et al. OTM’13] . Mapplng Prediction: Text Semantics Corpora 65 on EMA-NCI
* Machine learning-based OM solutions: . Predict {(] X } ~ J
 Extract synonyms (pairs of labels of the same Deleted Conclusion & Future Work
 Supervised ones that rely on sufficient annotated :
g f / I tyd faat : . CIaSS) and non-synonyms (palrs of labels of Mapping extension (left) and repair (right). . . ' .
Va ?M,anc or - Complicate eaouieEengmeermg. distinct classes) from ontologies. « BERTMap is a novel, flexible (unsupervised, semi-
eeAlign [lyer et al. OM@ISWC’20] , OntoEmma [Want et : : : . .
g NLgP'1é]yer oo ] et € e Sources: Mapping Refinement: Repair supervised, and additionally augmented), context-
al. Bio ; y ,
: h / d * Intra-ontology (from within input ontologies); « Compute an approximate diagnosis such that a aware (text-level, graph-level, and logic-level),
Unsupervised ones that use non-contextual wor | | ’ . £ oo . . o and scalable (linear mapping search) OM system.
embeddings (e.g., Word2Vec): DeepAlignment «  Cross-ontology (from given mappings); minimal set of logically inconsistent mappings is - " i1 e benchmark
- , _ s . uture work is around large-scale benchmarkin
[Kolyvakis et al. NAACLU18] , LogMap-ML [Chen et al. . Complementary (from an auxiliary ontology). removed. 8 . 8
ESWC'21] . and a more compact model design.
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