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&:0G �0@’O �>;>48<8@V2=0 
702V4C20G :0D54@8 DV78G=>3> <0B5@V0;>7=02AB20, 

:0=4840B B5E=VG=8E =0C:, 4>F5=B 
�>=B0:B=0 V=D>@<0FVO: 
- e-mail: darynka.odarkivna@gmail.com; 

- :0D54@0 DV78G=>3> <0B5@V0;>7=02AB20, 0C4. 1590, 2C;. �C:>2Aь:>3>, 64, <. �0?>@V66O, 69063. 
+0A V <VAF5 ?@>2545==O :>=AC;ьB0FV9: 
73V4=> 7 ?>B>G=8< 3@0DV:>< :>=AC;ьB0FV9; 0C4. 1590, 70 ?>B@518 – V7 70AB>AC20==O< 70A>1V2 
48AB0=FV9=>3> 72’O7:C. 
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�8AF8?;V=0 «"1@>1:0 B0 0=0;V7 40=8E 2 <0B5@V0;>7=02AB2V» є 281V@:>28< ?@0:B8G=> 
>@Vє=B>20=8< :C@A>< 4;O 74>1C20GV2 @V2=O 28I>W >A2VB8. "1AO3 
48AF8?;V=8 AB0=>28Bь 6 :@548BV2 Є�&% (180 3>48=), 7 =8E 32 3>48=8 ;5:FV9, 32 3>48=8 
?@0:B8G=8E 70=OBь V 116 3>48= A0<>ABV9=>W @>1>B8. (>@<0 ?V4AC<:>2>3> :>=B@>;N – 70;V:. 

�C@A ?>є4=Cє 107>2C AB0B8AB8G=C >1@>1:C 5:A?5@8<5=B0;ь=8E <0B5@V0;>7=02G8E 40=8E V7 
ACG0A=8<8 ?V4E>40<8 Materials Data Science B0 <0H8==>3> =02G0==O. !02G0==O ?>1C4>20=> 70 
;>3V:>N «<0B5@V0;>7=02G0 7040G0 → 40=V → >G8I5==O V ?@54AB02;5==O → <>45;ь → ?5@52V@:0 → 
DV78G=0 V=B5@?@5B0FVO → V=65=5@=89 28A=>2>:». ' D>:CAV – 40=V ?@> EV<VG=89 A:;04, 
B5E=>;>3VG=V ?0@0<5B@8, <V:@>AB@C:BC@C, D07>289 A:;04 V 2;0AB82>ABV <0B5@V0;V2; 
5:A?5@8<5=B0;ь=V B0 @>7@0EC=:>2V =01>@8 40=8E; 2V4:@8BV <0B5@V0;>7=02GV 1078; @53@5AVO, 
:;0A8DV:0FVO, :;0AB5@870FVO, 7=865==O @>7<V@=>ABV, =59@>==V <5@56V, :><?’NB5@=89 7V@, 0=0;V7 
=0C:>2>W ;VB5@0BC@8, V=25@A=89 48709= B0 V=B5@?@5B>20=89 HBCG=89 V=B5;5:B. 

#@0:B8G=0 G0AB8=0 28:>=CєBьAO ?5@5206=> C Python (Google Colab/Jupyter) =0 ?V43>B>2;5=8E 
=02G0;ь=8E V 2V4:@8B8E <0B5@V0;>7=02G8E =01>@0E 40=8E. "A=>2=0 C2030 ?@84V;OєBьAO =5 >1AO3C 
?@>3@0<=>3> :>4C, 0 :>@5:B=>ABV ?V43>B>2:8 40=8E, 281>@C <5B>4C, 20;V40FVW <>45;V, 
2V4B2>@N20=>ABV 0=0;V7C B0 DV78G=V9 V=B5@?@5B0FVW >B@8<0=8E @57C;ьB0BV2. 

 �&�, �" #�&�!&!"%&І &� $��'�Ь&�&� !��+�!!/ 
 

 5B0 :C@AC – AD>@<C20B8 C 74>1C20GV2 A8AB5<=5 @>7C<V==O <5B>4V2 >1@>1:8, 0=0;V7C B0 
V=B5@?@5B0FVW <0B5@V0;>7=02G8E 40=8E, 0 B0:>6 ?@0:B8G=V =028G:8 70AB>AC20==O AB0B8AB8G=8E 
<5B>4V2, Python B0 0;3>@8B<V2 <0H8==>3> =02G0==O 4;O @>72’O7C20==O <0B5@V0;>7=02G8E 7040G. 
�><?5B5=B=>ABV, D>@<C20==O O:8E 70157?5GCє 48AF8?;V=0: 
�1. �40B=VABь D>@<C;N20B8 <0B5@V0;>7=02GC 7040GC O: 7040GC 0=0;V7C 40=8E, 287=0G0B8 

FV;ь>2V 7<V==V, V=D>@<0B82=V >7=0:8, 465@5;0 40=8E B0 :@8B5@VW O:>ABV @57C;ьB0BC. 
�2. �40B=VABь >@30=V7>2C20B8, AB@C:BC@C20B8, >G8I0B8 9 4>:C<5=BC20B8 5:A?5@8<5=B0;ь=V B0 

@>7@0EC=:>2V <0B5@V0;>7=02GV 40=V V7 70157?5G5==O< WE 2V4B2>@N20=>ABV. 

ķŃņĶŁĶŁ (ĿĳĶVńŅĸŃńŏĽŁĶŁ) ŃVĵŀO ĵĻŌŁW ŁńĵVŅĻ

ķŃņĶŁĶŁ (ĿĳĶVńŅĸŃńŏĽŁĶŁ)



 

 

�3. �40B=VABь 70AB>A>2C20B8 <5B>48 >?8A>2>W AB0B8AB8:8, 2V7C0;V70FVW B0 4>A;V4=8Fь:>3> 
0=0;V7C 40=8E 4;O 28O2;5==O 70:>=><V@=>AB59, 0=><0;V9 V >FV=N20==O 20@V015;ь=>ABV @57C;ьB0BV2. 

�4. �40B=VABь D>@<C20B8 DV78G=> >A<8A;5=V >7=0:8 =0 >A=>2V EV<VG=>3> A:;04C, 
B5E=>;>3VG=8E ?0@0<5B@V2, E0@0:B5@8AB8: AB@C:BC@8 B0 2;0AB82>AB59 <0B5@V0;V2. 

�5. �40B=VABь 1C4C20B8, 20;V4C20B8 B0 ?>@V2=N20B8 @53@5AV9=V, :;0A8DV:0FV9=V 9 0=A0<1;52V 
<>45;V <0H8==>3> =02G0==O, 70?>1V30NG8 28B>:C 40=8E V ?5@5=02G0==N. 

�6. �40B=VABь 70AB>A>2C20B8 :;0AB5@870FVN, <5B>48 7=865==O @>7<V@=>ABV, =59@>==V <5@56V 
B0 :><?’NB5@=89 7V@ 4;O 0=0;V7C <0B5@V0;>7=02G8E 40=8E V <V:@>AB@C:BC@=8E 7>1@065=ь. 

�7. �40B=VABь ?@0FN20B8 7 2V4:@8B8<8 <0B5@V0;>7=02G8<8 1070<8 40=8E V 70A>10<8 
02B><0B87>20=>3> 28;CG5==O V=D>@<0FVW 7 =0C:>28E 465@5; V7 4>B@8<0==O< ?@8=F8?V2 FAIR B0 
2V4B2>@N20=>ABV. 

�8. �40B=VABь :@8B8G=> V=B5@?@5BC20B8 @57C;ьB0B8 <>45;59, >FV=N20B8 WE >1<565==O V 
=5287=0G5=VABь, 70AB>A>2C20B8 ?V4E>48 V=B5@?@5B>20=>3> ШІ B0 D>@<C;N20B8 <0B5@V0;>7=02GV 9 
V=65=5@=V 28A=>2:8. 
$57C;ьB0B8 =02G0==O: 
$!1. "@30=V7>2C20B8 @>1>G5 A5@54>28I5 2 Google Colab/Jupyter B0 28:>@8AB>2C20B8 107>2V 

<>6;82>ABV Python, NumPy, pandas V matplotlib 4;O >?@0FN20==O <0B5@V0;>7=02G8E 40=8E. 
$!2. І<?>@BC20B8, AB@C:BC@C20B8, >G8I0B8 9 4>:C<5=BC20B8 5:A?5@8<5=B0;ь=V B0 

@>7@0EC=:>2V 40=V, :>=B@>;N20B8 B8?8 40=8E, >48=8FV 28<V@N20==O, ?@>?CI5=V 7=0G5==O, 
4C1;V:0B8 B0 0=><0;VW. 

$!3. �8:>=C20B8 >?8A>2C AB0B8AB8:C 9 4>A;V4=8Fь:89 0=0;V7 40=8E, 1C4C20B8 B0 :>@5:B=> 
V=B5@?@5BC20B8 3VAB>3@0<8, boxplot, scatter plot, :>@5;OFV9=V <0B@8FV 9 <0B5@V0;>7=02GV 4V03@0<8. 

$!4. (>@<C20B8 <0B@8FN >7=0: 4;O 7040G <0H8==>3> =02G0==O, AB2>@N20B8 <0B5@V0;>7=02GV 
45A:@8?B>@8, 28:>=C20B8 :>4C20==O, <0AHB01C20==O B0 :>@5:B=5 @>74V;5==O 40=8E =0 =02G0;ь=C 
V B5AB>2C 281V@:8. 

$!5. �C4C20B8 B0 >FV=N20B8 @53@5AV9=V 9 :;0A8DV:0FV9=V <>45;V 70 2V4?>2V4=8<8 <5B@8:0<8, 
70AB>A>2C20B8 :@>A-20;V40FVN V 107>289 ?V41V@ 3V?5@?0@0<5B@V2 B0 0=0;V7C20B8 ?><8;:8 <>45;59. 

$!6. �0AB>A>2C20B8 <5B>48 :;0AB5@870FVW B0 7=865==O @>7<V@=>ABV (PCA, t-SNE, UMAP) 4;O 
?>HC:C 3@C?, AB@C:BC@=8E ?>4V1=>AB59 V 2V7C0;V70FVW 1030B>28<V@=8E <0B5@V0;>7=02G8E ?@>AB>@V2. 

$!7. �0AB>A>2C20B8 =0 107>2><C @V2=V =59@>==V <5@56V B0 <5B>48 :><?’NB5@=>3> 7>@C 4;O 
?@>3=>7C20==O 2;0AB82>AB59 V 0=0;V7C <V:@>AB@C:BC@=8E 7>1@065=ь. 

$!8. "B@8<C20B8 9 ?5@52V@OB8 40=V 7 2V4:@8B8E <0B5@V0;>7=02G8E 107 B0 =0C:>28E 
?C1;V:0FV9, DV:AC20B8 ?>E>465==O 40=8E V 70157?5GC20B8 <>6;82VABь 2V4B2>@5==O 0=0;V7C. 

$!9. І=B5@?@5BC20B8 @57C;ьB0B8 <>45;59 70 4>?><>3>N feature importance B0 SHAP-?V4E>4V2, 
>FV=N20B8 =5287=0G5=VABь V <56V 70AB>A>2=>ABV B0 2V4@V7=OB8 AB0B8AB8G=C 70;56=VABь 2V4 DV78G=> 
>1ґ@C=B>20=>3> ?@8G8==>3> 28A=>2:C. 

$!10. �8:>=C20B8 =0A:@V7=89 materials-data-?@>є:B: ?>AB0=>2:0 7040GV → ?V43>B>2:0 40=8E 
→ <>45;N20==O → 20;V40FVO → V=B5@?@5B0FVO → <0B5@V0;>7=02G89 28A=>2>:. 
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�;O CA?VH=>3> >?0=C20==O 48AF8?;V=8 4>AB0B=ь> 107>28E 7=0=ь 7 <0B5@V0;>7=02AB20, DV78:8, 
<0B5<0B8:8 B0 ?>G0B:>28E =028G>: @>1>B8 7 ?5@A>=0;ь=8< :><?’NB5@><. �060=8<8 є =028G:8 
@>1>B8 7 5;5:B@>==8<8 B01;8FO<8. #>?5@54=V9 4>A2V4 ?@>3@0<C20==O 01> <0H8==>3> =02G0==O 
=5 є >1>2’O7:>28<: =5>1EV4=V :>=AB@C:FVW Python V 107>2V 0;3>@8B<8 >?0=>2CNBьAO ?V4 G0A 
?@0:B8G=8E 70=OBь. 
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&01;8FO 1 – �030;ь=89 B5<0B8G=89 ?;0= 0C48B>@=>W @>1>B8 
!><5@ 
B86=O &5<8 ;5:FV9, 3>4. &5<8 ?@0:B8G=8E @>1VB, 3>4. 

�<VAB>289 <>4C;ь 1. "A=>28 Materials Data Science B0 AB0B8AB8G=89 0=0;V7 

1 

�ABC? 4> <0B5@V0;>7=02G>W V=D>@<0B8:8. �2>;NFVO 
=0C:>28E ?0@0483<: A?>AB5@565==O, B5>@VO, 
<>45;N20==O B0 data-driven science. &8?8 
<0B5@V0;>7=02G8E 40=8E. �0=FN3 «processing – 
structure – properties – performance». (2 3>4.) 

#@. № 1. !0;0HBC20==O @>1>G>3> A5@54>28I0 2 
Google Colab/Jupyter. "A=>28 Python 4;O 
4>A;V4=8:0: 7<V==V, <0A828, B01;8FV, V<?>@B 
CSV/XLSX; NumPy B0 pandas. (2 3>4.) 

2 

%B0B8AB8G=89 >3;O4 40=8E. �8?04:>2V 25;8G8=8, 
B8?8 H:0;, A5@54=є, <54V0=0, <>40, 48A?5@AVO, 
AB0=40@B=5 2V4E8;5==O, :20@B8;V, 4>2V@GV V=B5@20;8 
B0 ?>E81:8 28<V@N20=ь C <0B5@V0;>7=02AB2V.  
(2 3>4.) 

#@. № 2. �>A;V4=8Fь:89 0=0;V7 40=8E (EDA): 
>?8A>20 AB0B8AB8:0, 3VAB>3@0<8, boxplot, scatter 
plot, :>@5;OFVW; 0=0;V7 @>7?>4V;C <>4C;O .=30 B0 
?>1C4>20 A?@>I5=8E :0@B �H1V. (2 3>4.) 

3 

�65@5;0 B0 0@EVB5:BC@0 <0B5@V0;>7=02G8E 40=8E. 
�:A?5@8<5=B0;ь=V 40=V (SEM, EDS, XRD, EBSD, 

<5E0=VG=V 28?@>1C20==O), A8<C;OFV9=V 40=V (DFT, 

MD, FEM), 2V4:@8BV 1078 Materials Project V OQMD. 

 5B040=V, provenance B0 FAIR-?@8=F8?8. (2 3>4.) 

#@. № 3. �1V@ V ?5@28==0 >@30=V70FVO 
<0B5@V0;>7=02G>3> 40B0A5BC: AB@C:BC@0 B01;8FV, 
>48=8FV 28<V@N20==O, <5B040=V, ?5@52V@:0 B8?V2 
40=8E, C=VDV:0FVO =072 V D>@<0BV2. (2 3>4.) 

�<VAB>289 <>4C;ь 2. �8BBє289 F8:; 40=8E V ?@>є:BC20==O >7=0: 

4 

/:VABь V >G8I5==O 40=8E. #@>?CI5=V 7=0G5==O, 
4C1;V:0B8, ?><8;:8 22545==O, =5AC<VA=V >48=8FV, 
28:848, data leakage B0 2V4B2>@N20=VABь >1@>1:8. 
%B0B8AB8G=V 9 0;3>@8B<VG=V ?V4E>48 4> 0=><0;V9. 
(2 3>4.) 

#@. № 4. "G8I5==O 40=8E C pandas: ?@>?CA:8, 
4C1;V:0B8, ?5@5B2>@5==O >48=8Fь, IQR/z-score, 

28O2;5==O 0=><0;V9; ?>@V2=O==O @57C;ьB0BV2 4> V 
?VA;O >G8I5==O. (2 3>4.) 

5 

#@>є:BC20==O >7=0: (feature engineering). 
 0B5@V0;>7=02GV 45A:@8?B>@8 7 EV<VG=>3> A:;04C, 
?0@0<5B@V2 AB@C:BC@8 V ?@>F5AC; :>4C20==O 
:0B53>@V9, =>@<0;V70FVO V AB0=40@B870FVO; <0B@8FO 
>7=0:. (2 3>4.) 

#@. № 5. #V43>B>2:0 40B0A5BC 4;O ?@>3=>7C20==O 
2;0AB82>AB59: D>@<C20==O Data Matrix, 
45A:@8?B>@8 A:;04C, one-hot encoding, 

<0AHB01C20==O, train/test split. #>G0B>: =0A:@V7=>3> 
:59AC «A:;04 AB0;V → 2;0AB82VABь». (2 3>4.) 

6 

�V7C0;ь=89 V :>@5;OFV9=89 0=0;V7 ?5@54 
<>45;N20==O<. Pair plots, heatmaps, 
<C;ьB8:>;V=50@=VABь, DV78G=> >A<8A;5=V 
B@0=AD>@<0FVW B0 281V@ >7=0:. �>@5;OFVO =5 
4>@V2=Nє ?@8G8==>ABV. (2 3>4.) 

#@. № 6. �;0A8G=89 0=0;V7 40B0A5BC AB0;59: 
3@0DV:8 «A:;04 – 2;0AB82VABь», :>@5;OFV9=0 
<0B@8FO, 0=0;V7 <C;ьB8:>;V=50@=>ABV, D>@<C20==O 
107>2>3> =01>@C >7=0: B0 baseline-<>45;V. (2 3>4.) 

�<VAB>289 <>4C;ь 3. �;0A8G=5 <0H8==5 =02G0==O 2 <0B5@V0;>7=02AB2V 

7 

$53@5AV9=V <>45;V. �V=V9=0 B0 ?>;V=><V0;ь=0 
@53@5AVO; MAE, RMSE, R²; bias–variance trade-off; 

underfitting B0 overfitting.  0B5@V0;>7=02G89 7<VAB 
:>5DVFVє=BV2 <>45;V. (2 3>4.) 

#@. № 7. #@>3=>7 2;0AB82>AB59 AB0;59 70 EV<VG=8< 
A:;04><: ;V=V9=0/?>;V=><V0;ь=0 @53@5AVO, 3@0DV:8 
predicted vs measured, residuals, MAE/RMSE/R², 
0=0;V7 ?><8;>:. (2 3>4.) 

8 

$53C;O@870FVO B0 >FV=N20==O <>45;59. Ridge, 
Lasso, Elastic Net, :@>A-20;V40FVO, ?V41V@ 
3V?5@?0@0<5B@V2. �ABC? 4> Gaussian Process 
Regression B0 >FV=N20==O =5287=0G5=>ABV. (2 3>4.) 

#@. № 8. "?B8<V70FVO @53@5AV9=>W <>45;V: k-fold 

cross-validation, 

GridSearchCV/RandomizedSearchCV, 

Ridge/Lasso/Elastic Net; ?>@V2=O==O AB01V;ь=>ABV B0 
35=5@0;V70FVW. (2 3>4.) 

9 
�;0A8DV:0FVO. k-NN, 45@520 @VH5=ь, ;>3VAB8G=0 
@53@5AVO; confusion matrix, precision, recall, F1, 
ROC-AUC; 48A10;0=A :;0AV2. (2 3>4.) 

#@. № 9. �;0A8DV:0FVO <0B5@V0;>7=02G8E >1’є:BV2 
01> 45D5:BV2 70 B01;8G=8<8 >7=0:0<8: train/test 
split, confusion matrix, F1, 0=0;V7 ?><8;:>2> 
:;0A8DV:>20=8E 28?04:V2. (2 3>4.) 

10 

�=A0<1;52V <>45;V. Random Forest, Gradient 
Boosting B0 XGBoost/HistGradientBoosting. Feature 

importance, ABV9:VABь 4> =5;V=V9=>AB59 B0 @878:8 
=5:>@5:B=>3> ?>@V2=O==O <>45;59. (2 3>4.) 

#@. № 10. #>@V2=O==O <>45;59 4;O ?@>3=>7C 
2;0AB82>AB59 <0B5@V0;C: baseline, Random Forest V 
gradient boosting; є48=0 AE5<0 :@>A-20;V40FVW, 
B01;8FO <5B@8:, feature importance. (2 3>4.) 

�<VAB>289 <>4C;ь 4. !5:5@>20=5 =02G0==O, =59@>==V <5@56V B0 :><?’NB5@=89 7V@ 

11 

�;0AB5@870FVO (unsupervised learning). k-means, 

DBSCAN, Gaussian Mixture Models; <5B@8:8 
2V4AB0=V, <0AHB01C20==O, silhouette score B0 DV78G=0 
V=B5@?@5B0FVO :;0AB5@V2. (2 3>4.) 

#@. № 11. �=0;V7 =0=>V=45=BC20==O 01> ;>:0;ь=8E 
2;0AB82>AB59: :;0AB5@870FVO B>G>: 28<V@N20==O 
4;O V45=B8DV:0FVW 3@C?/D07, ?>@V2=O==O k-means, 

DBSCAN V GMM. (2 3>4.) 



 

 

!><5@ 
B86=O &5<8 ;5:FV9, 3>4. &5<8 ?@0:B8G=8E @>1VB, 3>4. 

12 

�=865==O @>7<V@=>ABV. PCA, t-SNE B0 UMAP: 
?@8=F8?8, >1;0ABV :>@5:B=>3> 28:>@8AB0==O, 
2B@0B8 V=D>@<0FVW B0 =5157?5:0 «:@0A828E, 0;5 
E81=8E» 2D-?@>є:FV9. (2 3>4.) 

#@. № 12. �V7C0;V70FVO 1030B>28<V@=>3> ?@>AB>@C 
<0B5@V0;V2: PCA → t-SNE/UMAP, 3@C?C20==O 70 
:;0A>< <0B5@V0;C 01> 2;0AB82VABN, V=B5@?@5B0FVO 
:><?>=5=B B0 >1<565=ь. (2 3>4.) 

13 

ШBCG=V =59@>==V <5@56V (ANN/MLP). #5@F5?B@>=, 
H0@8, DC=:FVW 0:B820FVW, backpropagation, 
@53C;O@870FVO, validation set B0 @0==O 7C?8=:0.  
(2 3>4.) 

#@. № 13. #>1C4>20 ?@>AB>W MLP-<>45;V 4;O 
?@>3=>7C20==O 2;0AB82>ABV <0B5@V0;C (=0?@8:;04, 
B5<?5@0BC@8 A:;C20==O ?>;V<5@V2); :@82V =02G0==O, 
validation loss, ?>@V2=O==O 7 :;0A8G=8<8 <>45;O<8. 
(2 3>4.) 

14 

�><?’NB5@=89 7V@ C <0B5@V0;>7=02AB2V. �>1@065==O 
O: B5=7>@8, CNN, transfer learning, :;0A8DV:0FVO V 
A53<5=B0FVO <V:@>AB@C:BC@; 28<>38 4> @>7<VB:8 B0 
20;V40FVW. (2 3>4.) 

#@. № 14. �=0;V7 <V:@>AB@C:BC@=8E 7>1@065=ь: 
?V43>B>2:0 =01>@C, 0C3<5=B0FVO, transfer learning 
01> A53<5=B0FVO; >FV=N20==O @57C;ьB0BV2 V 72’O7>: 
V7 :V;ь:VA=>N <5B0;>3@0DVєN. (2 3>4.) 

�<VAB>289 <>4C;ь 5. Literature mining, V=25@A=89 48709=, 02B>=><=V ;01>@0B>@VW B0 V=B5@?@5B>20=89 ,І 

15 

NLP B0 Literature Mining C <0B5@V0;>7=02AB2V. 
#>HC: V 02B><0B87>20=5 28;CG5==O A:;04V2, 
@568<V2 >1@>1:8, AB@C:BC@=8E E0@0:B5@8AB8: V 
2;0AB82>AB59 7 =0C:>28E B5:ABV2; >1<565==O LLM 
B0 =5>1EV4=VABь 25@8DV:0FVW 465@5;. (2 3>4.) 

#@. № 15. �2B><0B87>20=5 28;CG5==O 
<0B5@V0;>7=02G8E 40=8E V7 B5:ABC: @53C;O@=V 
28@078/?@>AB89 NLP 4;O A:;04V2 V 2;0AB82>AB59; 
D>@<C20==O AB@C:BC@>20=>W B01;8FV 7 ?5@52V@:>N 
?5@H>465@5;. (2 3>4.) 

16 

�5=5@0B82=V <>45;V B0 V=25@A=89 48709=. Active 
learning, Bayesian optimization, self-driving 

laboratories; V=B5@?@5B>20=89 ШІ (XAI), SHAP, 
2V4B2>@N20=VABь V <56V 4>2V@8 4> <>45;59. 
#V4AC<:>20 V=B53@0FVO :C@AC. (2 3>4.) 

#@. № 16. #V4AC<:>289 materials-data-?@>є:B: 
?>AB0=>2:0 7040GV, EDA, preprocessing, <>45;ь, 
:@>A-20;V40FVO, XAI/SHAP, DV78G=0 V=B5@?@5B0FVO, 
28A=>2:8 B0 :>@>B:89 70E8AB. (2 3>4.) 
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%0<>ABV9=0 @>1>B0 AB0=>28Bь 116 3>48= V A?@O<>20=0 =0 70:@V?;5==O AB0B8AB8G=8E V 
<0B5@V0;>7=02G8E >A=>2, ?V43>B>2:C 4> ?@0:B8G=8E 70=OBь, 28:>=0==O >1G8A;N20;ь=8E 
=>CB1C:V2, @>1>BC 7 =0C:>28<8 465@5;0<8 B0 2V4:@8B8<8 1070<8 40=8E, 0 B0:>6 ?V43>B>2:C 
?V4AC<:>2>3> materials-data-?@>є:BC. "@Vє=B>2=89 @>7?>4V; G0AC: 

1. Python, Jupyter/Google Colab, NumPy V pandas 4;O 4>A;V4=8Fь:>W @>1>B8 – 8 3>4. 
2. "?8A>20 AB0B8AB8:0, EDA, 2V7C0;V70FVO B0 :0@B8 2;0AB82>AB59 <0B5@V0;V2 – 8 3>4. 
3. �65@5;0 40=8E, Materials Project/OQMD, <5B040=V, FAIR V 2V4B2>@N20=VABь – 8 3>4. 
4. "G8I5==O, :>=B@>;ь O:>ABV, 0=><0;VW B0 ?V43>B>2:0 5:A?5@8<5=B0;ь=8E 40=8E – 8 3>4. 
5. Feature engineering V <0B5@V0;>7=02GV 45A:@8?B>@8 – 10 3>4. 
6. $53@5AVO, @53C;O@870FVO, :@>A-20;V40FVO B0 >FV=N20==O =5287=0G5=>ABV – 10 3>4. 
7. �;0A8DV:0FVO, 0=A0<1;52V <>45;V B0 ?>@V2=O==O 0;3>@8B<V2 – 10 3>4. 
8. �;0AB5@870FVO, PCA, t-SNE B0 UMAP – 10 3>4. 
9. !59@>==V <5@56V B0 :><?’NB5@=89 7V@ 4;O <V:@>AB@C:BC@ – 12 3>4. 
10. NLP V literature mining 4;O 02B><0B87>20=>3> 28;CG5==O 40=8E – 8 3>4. 
11. І=25@A=89 48709=, active learning, XAI/SHAP V <56V 4>2V@8 4> <>45;59 – 10 3>4. 
12. #V4AC<:>289 =0A:@V7=89 materials-data-?@>є:B – 14 3>4. 
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�;O >?@0FN20==O :C@AC 28:>@8AB>2CNBьAO ?V43>B>2;5=V 28:;040G5< :>=A?5:B8 ;5:FV9, 
<5B>48G=V <0B5@V0;8 4> ?@0:B8G=8E @>1VB, 4>:C<5=B0FVO ?@>3@0<=8E 1V1;V>B5: V =02545=V =86G5 
107>2V 465@5;0. 

"A=>2=V ;VB5@0BC@=V 465@5;0: 
1. Agrawal A., Choudhary A. Perspective: Materials informatics and big data: Realization of 

the <fourth paradigm= of science in materials science. APL Materials. 2016. Vol. 4. 053208. DOI: 

10.1063/1.4946894. 



 

 

2. Butler K. T., Davies D. W., Cartwright H., Isayev O., Walsh A. Machine learning for 

molecular and materials science. Nature. 2018. Vol. 559. P. 547–555. DOI: 10.1038/s41586-018-

0337-2. 

3. Schmidt J., Marques M. R. G., Botti S., Marques M. A. L. Recent advances and 

applications of machine learning in solid-state materials science. npj Computational Materials. 

2019. Vol. 5. Article 83. DOI: 10.1038/s41524-019-0221-0. 

4. Ward L., Dunn A., Faghaninia A. et al. Matminer: An open source toolkit for materials data 

mining. Computational Materials Science. 2018. Vol. 152. P. 60–69. DOI: 

10.1016/j.commatsci.2018.05.018. 

5. Dunn A., Wang Q., Ganose A., Dopp D., Jain A. Benchmarking materials property 

prediction methods: the Matbench test set and Automatminer reference algorithm. npj 

Computational Materials. 2020. Vol. 6. Article 138. DOI: 10.1038/s41524-020-00406-3. 

6. Jain A., Ong S. P., Hautier G. et al. Commentary: The Materials Project: A materials 

genome approach to accelerating materials innovation. APL Materials. 2013. Vol. 1. 011002. DOI: 

10.1063/1.4812323. 

7. Saal J. E., Kirklin S., Aykol M., Meredig B., Wolverton C. Materials Design and Discovery 

with High-Throughput Density Functional Theory: The Open Quantum Materials Database 

(OQMD). JOM. 2013. Vol. 65. P. 1501–1509. DOI: 10.1007/s11837-013-0755-4. 

8. Wilkinson M. D., Dumontier M., Aalbersberg I. J. et al. The FAIR Guiding Principles for 

scientific data management and stewardship. Scientific Data. 2016. Vol. 3. Article 160018. DOI: 

10.1038/sdata.2016.18. 

9. Pedregosa F., Varoquaux G., Gramfort A. et al. Scikit-learn: Machine Learning in Python. 

Journal of Machine Learning Research. 2011. Vol. 12. P. 2825–2830. 

10. Goodfellow I., Bengio Y., Courville A. Deep Learning. MIT Press, 2016. 

11. Hastie T., Tibshirani R., Friedman J. The Elements of Statistical Learning. 2nd ed. 

Springer, 2009. DOI: 10.1007/978-0-387-84858-7. 

12. "DVFV9=0 4>:C<5=B0FVO B0 =02G0;ь=V @5AC@A8: Python, Jupyter, Google Colab, NumPy, 
pandas, matplotlib, scikit-learn, matminer, Materials Project, OQMD, Matbench. �:BC0;ь=V 25@AVW 
4>:C<5=B0FVW 28:>@8AB>2CNBьAO 2V4?>2V4=> 4> :0;5=40@=>3> ?;0=C :C@AC. 

 

"*І!.��!!/ 
 

#>B>G=89 :>=B@>;ь ?5@5410G0є >FV=N20==O B5>@5B8G=>W ?V43>B>2:8, @57C;ьB0BV2 
28:>=0==O ?@0:B8G=8E @>1VB V ?V4AC<:>2>3> V=B53@>20=>3> ?@>є:BC. #V4 G0A >FV=N20==O 
2@0E>2CNBьAO :>@5:B=VABь ?V43>B>2:8 40=8E V 281>@C <5B>4C, 2V4B2>@N20=VABь 0=0;V7C, 
?@028;ь=VABь 28:>@8AB0==O <5B@8: V 20;V40FVW, O:VABь 2V7C0;V70FVW, DV78G=0 V=B5@?@5B0FVO 
@57C;ьB0BV2 B0 >1ґ@C=B>20=VABь <0B5@V0;>7=02G>3> 28A=>2:C. "1AO3 ?@>3@0<=>3> :>4C A0< ?> 
A>1V =5 є :@8B5@Vє< >FV=N20==O. 

$5:><5=4>20=89 @>7?>4V; 10;V2: 28:>=0==O B0 70E8AB 16 ?@0:B8G=8E @>1VB – 4> 60 10;V2; 
420 <>4C;ь=V :>=B@>;ь=V 70E>48 – 4> 20 10;V2; ?V4AC<:>289 materials-data-?@>є:B – 4>                
20 10;V2. �030;ь=0 :V;ь:VABь – 100 10;V2. 

'<>28 4>?CA:C 4> ?V4AC<:>2>3> :>=B@>;N: 28:>=0==O V 70E8AB >1>2’O7:>28E ?@0:B8G=8E 
@>1VB B0 =01V@ <V=V<0;ь=>W :V;ь:>ABV 10;V2, CAB0=>2;5=>W G8==8<8 =>@<0B82=8<8 
4>:C<5=B0<8 C=V25@A8B5BC. �84 ?V4AC<:>2>3> :>=B@>;N – 70;V:. 

 

#"�І&��� �'$%' 
 

"@30=V70FVO =02G0==O B0 :><C=V:0FVO. "A=>2=V =02G0;ь=V <0B5@V0;8, =01>@8 40=8E, 
70240==O 4;O A0<>ABV9=>W @>1>B8, :@8B5@VW >FV=N20==O B0 B5@<V=8 28:>=0==O @>7<VICNBьAO 2 
A8AB5<V Moodle. �>=AC;ьB0FVW ?@>2>4OBьAO 2V4?>2V4=> 4> 3@0DV:0 :>=AC;ьB0FV9 28:;040G0, 0 
70 =5>1EV4=>ABV – V7 70AB>AC20==O< 70A>1V2 48AB0=FV9=>3> 72’O7:C. 



 

 

#@0:B8G=V B0 ?@>є:B=V @>1>B8. �>6=0 @>1>B0 <0є <VAB8B8 28EV4=V 40=V 01> 
?>A8;0==O =0 WE 465@5;>, 2V4B2>@N20=89 :>4, :>@>B:5 ?>OA=5==O ?>A;V4>2=>ABV >1@>1:8, 
<5B@8:8 B0/01> 3@0DV:8 V <0B5@V0;>7=02G89 28A=>2>:. �4>1C20G ?>28=5= C<VB8 ?>OA=8B8 
;>3V:C 28:>=0=8E >?5@0FV9 V >B@8<0=8E @57C;ьB0BV2. 

�:045<VG=0 4>1@>G5A=VABь. �>4, B5:AB, @8AC=:8, 40=V B0 <>45;V V=H8E 02B>@V2 <0NBь 
AC?@>2>46C20B8AO :>@5:B=8<8 ?>A8;0==O<8. !5 4>?CA:0NBьAO 0:045<VG=89 ?;03V0B, 
D01@8:0FVO 01> D0;ьA8DV:0FVO 40=8E, A?8AC20==O, 28:>=0==O >FV=N20=>W @>1>B8 V=H>N 
>A>1>N G8 ?>40==O GC68E =>CB1C:V2 O: 2;0A=8E. 

�8:>@8AB0==O 35=5@0B82=>3> HBCG=>3> V=B5;5:BC. �5=5@0B82=V V=AB@C<5=B8 
<>6CBь 28:>@8AB>2C20B8AO 4;O ?>OA=5==O A8=B0:A8AC, ?>HC:C ?><8;>:, ?V43>B>2:8 G5@=5B>: 
:>4C 01> AB@C:BC@C20==O B5:ABC, O:I> F5 =5 AC?5@5G8Bь C<>20< :>=:@5B=>3> 70240==O. ' @07V 
28:>@8AB0==O ШІ 74>1C20G A0<>ABV9=> ?5@52V@Oє 4>AB>2V@=VABь V=D>@<0FVW, ?@0F5740B=VABь 
:>4C 9 :>@5:B=VABь 28A=>2:V2 B0 4>B@8<CєBьAO 28<>3 C=V25@A8B5BC I>4> 707=0G5==O B0:>3> 
28:>@8AB0==O. 

�54;09=8 B0 ?>2B>@=5 28:>=0==O @>1VB. &5@<V=8 28:>=0==O =02G0;ь=8E 70240=ь 
?>2V4><;ONBьAO 74>1C20G0< 70740;53V4ь V 707=0G0NBьAO 2 Moodle. �0 =0O2=>ABV >1ґ@C=B>20=8E 
>1AB028= B5@<V= <>65 1CB8 7<V=5=89 70 ?>3>465==O< V7 28:;040G5<. $>1>B8, 70 O:V >B@8<0=> 
@57C;ьB0B =86G89 2V4 <V=V<0;ь=> 2AB0=>2;5=>3> @V2=O, <>6CBь 1CB8 4>>?@0Fь>20=V B0 
?>2B>@=> ?>40=V 2V4?>2V4=> 4> 2AB0=>2;5=>3> ?>@O4:C. 

"A:0@65==O @57C;ьB0BV2 >FV=N20==O. �4>1C20G <0є ?@02> >B@8<0B8 2V4 28:;040G0 
?>OA=5==O I>4> @57C;ьB0BV2 >FV=N20==O B0 >A:0@68B8 @57C;ьB0B8 :>=B@>;ь=>3> 70E>4C 
2V4?>2V4=> 4> =>@<0B82=8E 4>:C<5=BV2 !' «�0?>@V7ь:0 ?>;VB5E=V:0». 

�:045<VG=0 <>1V;ь=VABь. $57C;ьB0B8 =02G0==O, >B@8<0=V 2 <560E ?@>3@0< 
0:045<VG=>W <>1V;ь=>ABV 01> A5@B8DV:>20=8E :C@AV2 V7 data science B0 machine learning, <>6CBь 
1CB8 287=0=V 2V4?>2V4=> 4> 2AB0=>2;5=>3> 2 C=V25@A8B5BV ?>@O4:C. 
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�;O @>1>B8 =0 :C@AV ?>B@V1=V 4>ABC? 4> Moodle B0 Google Colab 01> ;>:0;ь=>3> 
A5@54>28I0 Jupyter, ?5@A>=0;ь=89 :><?’NB5@ V7 ACG0A=8< 2511@0C75@>< V AB01V;ь=8< 
4>ABC?>< 4> <5@56V. "A=>2=5 ?@>3@0<=5 A5@54>28I5 – Python 3 V7 1V1;V>B5:0<8 NumPy, 
pandas, matplotlib, scikit-learn; 4;O >:@5<8E B5< <>6CBь 28:>@8AB>2C20B8AO seaborn, scipy, 
umap-learn, shap, TensorFlow/Keras 01> PyTorch, matminer B0 V=HV 2V4:@8BV 1V1;V>B5:8. 
%?5FV0;V7>20=5 ?;0B=5 ?@>3@0<=5 70157?5G5==O 4;O 28:>=0==O >1>2’O7:>28E 70240=ь =5 
?>B@V1=5. 

!02G0;ь=V =01>@8 40=8E 4>18@0NBьAO 7 2V4:@8B8E V ?5@52V@N20=8E 465@5;: Materials 
Project, OQMD, Matbench, =0C:>28E AB0B59 V7 4>ABC?=8<8 supplementary data, 0 B0:>6 7V 
7=5>A>1;5=8E :0D54@0;ь=8E 5:A?5@8<5=B0;ь=8E =01>@V2. �;O :>6=>3> =01>@C 40=8E <0є 
1CB8 70DV:A>20=> 9>3> ?>E>465==O, >48=8FV 28<V@N20==O B0 >A=>2=V C<>28 >B@8<0==O. 


