£ 33

. . . \* .
Finding High Temperature T
. N
Superconductors using ML RS

»

June 10th 2026
Amalie F. Davidsen, Rasmus B. Madsen, Frida B. Nielsen, Silas B. Schack and Hugo Schreckenberg
(Group 95)

Final Project: Applied Machine Learning 2026
NBI University of Copenhagen

University of Copenhagen - Niels Bohr Institute


https://absalon.ku.dk/courses/89419/users/445563

What 1s a superconductor ?

Normal Metal Superconductor
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What 1s a superconductor ?

Normal Metal Superconductor
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Finding a higher temperature superconductor

Cost of the experiments
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Finding a higher temperature superconductor

Cost of the experiments Variety of the materials

= “35«\ . EUROPEAN A
/(@SS ) spaLamion MA\>/\ I\/
\\~r>¥*7) ) SouRcE

s ~ 109 estimated materials

hitps:/Awww.google.com/url?

viikipedia.org/wiki/
L tyUAXUAAAAAHQAAAAAQ MAX_IV_Laboratory&ved=0CBoQ3YkBahcKEwilnb_wh@yUAx
BgRopi=A0078449 UAAAAAHQAAAAAQIQBOPI=89078449

Walsh A 2015 The quest for new functionality Nat. Chem.

AML Final project - June 10th 2026 Group 5: Amalie, Frida, Hugo, Rasmus and Silas



SuperCon dataset

SuperCon
Superconductors (SC)
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— 149 features Statistics about individual atoms’ properties
+ Label (T ) in the chemical formula

Range atomic number, mean valence electrons...

)
13 661 Entries

High-T. superconductor candidates proposed by machine
learning
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SuperCon dataset

SuperCon --

Superconductors (SC)

\

— 149 features > Statistics about individual atoms’ properties
+ Label (T ) in the chemical formula

Range atomic number,
! mean number of valence electrons...

13 661 Entries

Materials Project -- :—(lal;grhn—i:;superconductor candidates proposed by machine
SC + non-SC

— 149 features Siwoo Lee"’ (), Jason Hattrick-Simpers”’, Young-June Kim'® and O Anatole von Lilienfeld""***

! Department of Chemistry, University of Toronto, St. George campus, Toronto, ON, Canada

2 Acceleration Consortium, University of Toronto, St. George campus, Toronto, ON, Canada

3 Department of Materials Science & Engineering, University of Toronto, St. George campus, Toronto, ON, Canada
Department of Physics, University of Toronto, St. George campus, Toronto, ON, Canada

% Vector Institute for Artificial Intelligence, Toronto, ON, Canada

* Author to whom any correspondence should be addressed.

l

. Mach. L .. Sci. Technol. 6 (2025) 035052
153209 Entries /) Mach-Leam.:Sei. Technol. 6 (2023)
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Visualization of SuperCon data

2,000 SuperCon Tc distribution
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Visualization of SuperCon data

UMAP visualization
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Classification result using XGBoost

Classification Results by T¢ jimit

ROC-AUC Score Accuracy (%)
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Classification result using XGBoost

Classification Results by Tc. jimit

ROC-AUC Score

Accuracy (%)

SuperCon Tc distribution
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Classification result using XGBoost

Classification Results by T¢. jimit

ROC-AUC Score Accuracy (%) Matthews Correlation Coefficient (MCC)
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Regression

Regression: LGBM o1 RMSE800 K
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Predicting superconductors

Materials Project —455%™€— Non SC
SuperCon — SC

Which ‘Non-SC’ have the highest
probability of being SC?

1074 ' SuperCon
Materials Project, P5¢<0.9
10°{ HEE Materials Project, Psc>0.9

1071

Counts (log)

107;
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Only
T>77K

MP SC candidates, highest to lowest SC probability XGB Classification

@ Ba2Ca2Cu3HgO8 ¢ Ba2TmCu307 SuperCon vs Materials Project:
B Bal0CaY4(Cu307)5 Ba2DyCu307 AUC=0.993, Accuracy=97.3%
A Ba3CaLa2(Cu307)2 Ba2SmCu307
e Bal0GdY4(Cu307)5 Ba2Ca3TICud011
#  Sr2Ca2Cu3BiO8 BadY2Cu7015
9 Ba2YCu307 @® Sr4Ca2CudBidIO16
®  Ba8Y4(Cu409)3 ® Ba2GdCu307
@ Ba2EuCu307 Ba2CaTICu207
@ Ba2Ca2TI2Cu3010 A Ba2CaCu2HgO6
) Ba2ErCu307 Ba2LuCu307
Ba2HoCu307 # Ba8Gd4(Cu409)3

A Ba2NdCu307

High T, superconductor candidates ( T¢, preq > 77 K - Psc>0.9)
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Trained reg. model on
MP SC candidates:
R?=0.69, RMSE=9.3K

Predicting superconductors

High Tc MP Superconductor candidates with known Tc

MP SC candidates, highest to lowest SC probability =

® Ba2Ca2Cu3HgO8 ¢ Ba2TmCu307 140,
?  Bal0CaY4(Cu307)5 Ba2DyCu307
?  Ba3CaLa2(Cu307)2 Ba2SmCu307 J
?  Bal0GdY4(Cu307)5 Ba2Ca3TICu4011 M, o @
?  Sr2Ca2Cu3BiO8 Ba4Y2Cu7015 = 120

Ba2YCu307 ?  Sr4Ca2Cu4Bi4IO16 3
?  Ba8Y4(Cu409)3 ® Ba2GdCu307 s
® Ba2EuCu307 Ba2CaTICu207 3 1001 P
® Ba2Ca2TI2Cu3010 Ba2CaCu2HgO6 > ”,,7-.

Ba2ErCu307 Ba2LuCu307 /" '

Ba2HoCu307 7 Ba8Gd4(Cu409)3 801 .=
A Ba2NdCu307 77 K threshold ol | | |

80 100 120 140
True Tc [K]

— 23 High Tc superconductor candidates,
of which 7 (to our knowledge) have not been studied yet
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More physically informed predictions

Regression model:

e Pooled features — ignores spatial properties Most important features

e (rystal structures — Spatial information

Cu

Fe

O

MinT__

Avg dev periodic table group number
Max space group number

Mean Mendeleev number

Ba Ca Cu,HgO, ,— Range T i
23 8.4
Mean number of valence electrons
) EEE SHAP
Mean number of unfilled orbitals .
I Permutation
B 1.GB Gain
1.0 0.2 0.4 0.6

Normalised Importance
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3DSC: Dataset

Exact
match | 5759 crystals —p
Materials crystais
A 5773 crystals
L Project o and
139000 calculated > ¢ and structure
SuperCon crystal structures “Artificial doping”
15758 SC
3854 non-SC Exi‘cﬁ
- matc
With T, ICSD —3p-| 9 150 crystals —Pp»
o 196 317 75850 crystals
experimental
crystal structures == == == = o= = —— —— - feand structure
“Artificial doping”
T, Te

Data augmentation
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Graph creation

1. Define the nodes

atomic number

atomic mass

occupancy

coordinates
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Graph creation
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1. Define the nodes

atomic number

atomic mass

n occupancy

coordinates

Linear embedding
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Graph creation
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1. Define the nodes

2. Define the Edges
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Graph creation

1. Define the nodes

2. Define the Edges
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Graph creation

1. Define the nodes

2. Define the Edges

AML Final project - June 10th 2026



Graph neural network
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Graph neural network
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Graph neural network

X times, for each convolution
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Graph neural network
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Classification: MP

- Classifying above/below Tc =7 K
- Class split around 1:2

- Trying different features
- Model has 4 convolutional layers, with hidden dimension of 64

Examples of features

94 +19 node (atomic) features Z (one-hot encoder), mass, fractional coordinates,
(disordered sites are averaged): valence electrons...

Edge features: [ Distance (Gaussian expanded) }
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Classification: MP

- Classifying above/below Tc =7 K
- Class split around 1:2

- Trying different hand-crafted features
- Model has 4 convolutional layers, with hidden dimension of 64

Classifying MP data

207 Predictions
0.8 - mE T.<7K
g 8 .l T>7K
x S—
o 0.6 1 >
> (@)
] c
g
a 0.4 1 o
v @
= (=4
= -
0.2 Bl 1] 4 1 Bl
T 95162) 0.0 0.2 0.4 0.6 0.8 1.0
0.0 1 < = SC-probability
00 02 04 06 08 10 . -
False Postive Rate Class MPv: AUC =0.952
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Classification: ICSD

- More structures: Many are doped variants
- Class split around 2:1 (reversed compared to MP)

- Model has 2 convolutional layers, with hidden dimension of 16
- Test + Final prediction on data from MP

Classifying ICSD data Predictions: ICSD
.04 e | ‘ T 1014 . T<7K
T EE T>7K
>
e
[}
=]
g g
] [rs
@
2]
2
=
v
« °
o S
£
0.2 - i - i : g
— ICSD (AUC = 0.91146) g
0044t Test on MP (AUC = 0.85692) - 1 ‘
=L ' . ; i s 0.0 0.2 0.4 0.6 0.8 1.0
0.0 0.2 0.4 0.6 0.8 1.0 SC-probability

X Class ICSD: AUC =0.911
False Postive Rate Class ICSD on MP: AUC=0.857
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Regression using a
4 N

Node features
N J
4 I
7., row, group, occ,
electronegativity,
atomic radius
- /

[ Disorder ]

GCNN

4 )

Edge features
. J

~

Distance:

. Gaussian expansion )

Predicted Tc (K)

~
b=}

o
o

o
S

2
3

8

204

First edition

First edition

“Improved” edition

True Tc (K)

Node embedding Linear Linear — BatchNorm —
Silu

Convolution step x = Conv(x) x =X + Conv(x)

Activation function ReLu SiLu

Depth 2 3
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Regression

No grouping of data

Irain set
MAE=5.23 K RMSE=8.03 K R?=0.939

val set

MAE=5.30 K RMSE=8.12 K R*=4

predictions
grfect
120 4

100 +
80

60

Predicted Tc (K)

204 48

predictions
=== perfect

50 75 100 125
Target Tc (K)
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50 75 100
Target Tc (K)

Data grouped - weighted

Train set

Val set
MAE=9.62 K RMSE=13.36 K R?=0.830 MAE=10.28 K RMSE=14.33 K R?=0.818
140 predictions 7 1401 predictions ,
—-—- perfect W, —--- perfect Vi
120 4 120 4 Prec
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100 4 100 4 o/
o

- - . (2]
< 809 < 8o . I
% % $ ”hg .
g g 1y P-f
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55 i . . Regression: GCNN

ICSD data - weighted
20 201
! R?=0.818, RMSE=14.33 K
0+ 01 |

0 20 40 60 80 100 120 140
Target Tc (K)

0 20 40 60 80 100 120 140
Target Tc (K)

predicted Tc (K)

Data grouped - unweighted

Train set Val set
MAE=8.64 K RMSE=12.22 K R?=0.858 MAE=8.99 K RMSE=12.74 K R?=0.856
140 predictions . 3 1401 predictions P
—--- perfect ® Pl ——- perfect &
120 A / 120 A
100 A 100 -
<
80 T
©
©
o]
60 - i
£ Regression: GCNN
40 4 .
ICSD data - not weighted
201 R?=0.856, RMSE=12.74 K
04

T T T T T
0 20 40 60 80 100 120 140
Target Tc (K)

T T T T T T T T
0 20 40 60 80 100 120 140
Target Tc (K)
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Last minute attempts at improvements - Global attention

4 )

Global mean pooling — Global attention

- J

Train set s, I
MAE=8.28 K RMSE=12.83 K R?=0.843 MAE=8.40 K RMSE=12.29 K R?=0.866

140 140
predictions /' predictions /'
o4l perfect 5 1204 =" perfect ,,'
7’
° I,
100 A 100 A ] o os RU8GE
g g s .
g 809 g 80 4.12) S48
E E °\ : o . ’( 'f‘ . .
g 5 B weg¥y AN N Regression: GCNN + Global attention
R B ol o “?c’:;! e ° ICSD data - not weighted
z ' R?=0.866, RMSE=12.29 K
9,
20 4 20 1 >

s o
04 (R
0 25 50 75 100 125 0 25 50 75 100 125
Taraet Tc (K) Target Tc (K)
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High-Tc
Superconductor
candidates

Regression/
Classification
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Variational Auto Encoder

gl gl
g2 g2
g3 g3
g4 o4
g5 g5
g6 g6
| Q Q Q Q Q |
gN O Q gN
node dim: 193 64 16 64 64 128 193
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Variational Auto Encoder - MP

" 103 ~——— Train 7 103 ~—— Train
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Loss = v - LOSSppges + W * LOSSegges + X - KL

PC2 (38.4%)

PC2 (38.4%)

VAE Latent Space (PCA)
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—15 -10 -5 5 10

0
PC1(21.9%)

VAE Latent Space (PCA)

-20

-20

0
PCI(21.9%)

20

120

100

Label

120

100

Node-level MSE: 0.52 +0.51
Median MSE: 0.33
Max MSE: 4.18
KL divergence: 104 + 86
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Conclusion

Tackling challenging data
Predicting Tc

Extrapolation is a challenge
Graphs: Proof of concept

Toolbox utilized
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R? Score

AUC score

0.8
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Regression R? Score by Dataset and Model

Regression RMSE by Dataset and Model
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Thank you for listening!
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Appendix

All code is available at
https://github.com/AmalieFalkenberg/Applied Machine_Learining.git

References describing used data:
Siwoo Lee et al 2025 Mach. Learn.. Sci. Technol. 6 035052
Timo Sommer et al 2023 Nature: Scientific data 10:816

University of Copenhagen - Niels Bohr Institute


https://github.com/AmalieFalkenberg/Applied_Machine_Learining.git

I. SuperCon
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I.2. Visualization

UMAP Feature importance

UMAPI driver #3:

UMAPI driver #4:

UMAPI driver #5:

UMAPI driver #1: UMAPI driver #2:
0 MagpieData mean SpaceGroupNumber MagpieData mean Column 15 MagpieData maximum NfUnfilled MagpieData mode MendeleevNumber
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- i " 10 s
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F “E
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I.3. Regression

Training: 75%
Validating: 15%
Testing: 10%

Article result : 0 = 10K
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XGBoost

Final results: 0 = 9.5K

=
P
2.2
10? “
.-‘e,%t.l'
oo e
N S
o LA Y
T
of AWITH
T T
08 2 G‘;{:@’"} g
g $8..00 ediniate
- ° : ! f°j"f70' ' o
- Bse2s"
014 . 4 o i,:“sf
: 8Tf*
- & ¢ § s.658¢%;
4 H . IS B RE
H g : 4”: g 8
. | P [ ]
i 14!
§ » v
: -“8 :
g -
4 5
10° | -4
107}
10° 10} 10?

Group 5: Amalie, Frida, Hugo, Rasmus and Silas



Predicted Tc (K)

Predicted Tc (K)

I.3. Regression

Tc Regression SuperCon — Baseline vs Optimised

Baseline (179 feats)
R?=0.903, RMSE =9.224 K

Optimised (120 feats)
R?=0.908, RMSE =8.980 K

| @
100 Eloo—
e}
9
501 3 50
o
&
(. 0 ‘ : :
0 50 100 0 25 50 75 100 125
True Tc (K) True Tc (K)
10% 107
g
1 ~ 1]
10 5 10
10°] 3 10%
3
107 ‘ B 107 e
g &
-2~ -2 L7
10°E — : : 102 - : :
107 10" 10° 10" 10 107 10" 10° 10" 10
True Tc (K) True Te (K)

Plots of SuperCon regression presented in main
slides (LGBM with 120 features)
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Combined Feature Importance (SHAP - Permutation - LGB Gain)

Feature Importance — Top 25 by Consensus Score Consensus
Cu 0.56
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1.4. Classification Classification results

T timis = 30 T =117

ROC-AUC: 0.9727 | Accuracy: 92.32% ROC-AUC: 0.9877 | Accuracy: 95.39% ROC-AUC: 0.9889 | Accuracy: 96.12%

° ° °
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[.5. Feature importance

Yop 20 Top 20 by Top 20 by SHAP Value
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[.5. Feature importance

What atoms : Copper - Oxygen - Iron

Atom configuration : GS_volume - space group number - colavent
radius

Macroscopic properties : Melting temperature - electronegativity

AML Final project - June 10th 2026

Group 5: Amalie, Frida, Hugo, Rasmus and Silas



1.5. Feature importaanVhich variables are important ?

Top 20

MagpieData mode GSvolume pa
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by SHAP Value

Top 20
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1.5. Feature importanc hich variables are important ?

Top 20 Variables

Top 20 Variables by Importance

Top 20 by SHAP Value )
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Variable Name

I.5. Feature im;

Top 20 Variables

MagoieData mean Nunfilled

MagpieData maximum GSvolume_pa
MagpieData mode Electronegativity
MagpieData mean Electronegativity

MagpieData minimum MeltingT

MagpieData range CovalentRadius

MagpieData maximum Electronegativity

MagpieData avg_dev Ndvalence
MagpieData mean Ndunfilled
MagpieData minimum MendeleevNumber
MagpieData mean MeitingT

MagpieData mean SpaceGroupNumber

MagpieDat:

vg_dev Ndunfiled
MagpieData mean NsUnfilled
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MagoieData mean CovalentRadius
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Top 20 Variables by Per

Importance

MagpieData maximum NfUnfilled
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MagpieData mean NfUnfilled
MagpieData maximum NpUnfilled
MagpieData mode Nsunfilled
MagpieData maximum NdUnfilled
MagpieData minimum Nfvalence
MagpieData mode Nivalence
MagpieData mode GSbandgap

MagpieData mode GSmagmom

Variable Name

MagpieData minimum Npvalence
MagpieData minimum NaUnfilled
MagpieData minimum NsUnfifled
MagpieData minimum NpUnfilied

MagpieData minimum GSmagmom

frac d valence electrons
MagpieData maximum Number
MagpieData mean Number
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MagpieData mean NfUnfilled
MagpieData avg_dev NfUnfilled
MagpieData maximum NfUnfilled
MagpieData minimum GSmagmom
MagpieData minimum NsUnfilled
Mageiemm range CovalentRadius
MagpieData avg_dev NUnfilled
frac d valence electrons
MagpieData maximum NpUnfilled
MagpieData maximum NdUnfilled
MagpieData mean Electronegativity
MagpieData mean Number
MagpieData maximum NUnfilled
MagpieData mean CovalentRadius
MagpieData maximum CovalentRadius
MagpieData mean GSvolume_pa
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0.892200
0.893601
0.895601
0.896001
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0.909801
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yortanca/Vhich variables are important ?

Top 20 Variables by SHAP Value F
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MagpieData range CovalentRadius
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MagpieData avg_dev NdValence
MagpieData minimum MeitingT
MagpieData mean Nsunfilled
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MagpieData avg_dev NdUnfilled
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MagpieData avg_dev NsValence

frac d valence electrons
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MagpieData minimum NUnfilled
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2-norm

MagpieData mean MeltingT
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1 MagpieData maximum GSvolume_pa
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MagpieData range CovalentRadius
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9 MagpieData mean NdUnfilled
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Mean |SHAP Value| (Average impact on model output)
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I.5. Feature import

Top 20 Weights)
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Top 20 Variables by SHAP Value )
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Variable Name

MagpeeData range Melting T
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MagpieData mean CovalentRadius
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0000 0005 0010 0015 0020 0025 003 0035 0040
Mean |SHAP Value| (Average impact on model output)

AML Final project - June 10th 2026

Variable Name

Tc.limit =30

Top 20 Variables
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MagpieData minimum MeltingT
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e —
MagpieData avg_dev Column
MagpieData mean NUnfilled
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Weight (Relative Importance within Ensemble)
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Variable Name
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Tegpmy =11

Top 20 Variables
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MagpieData mean NdUnfilled
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MagpieData mean MeltingT

MagpieData mean SpaceGroupNumber
MagpieData avg_dev Ndunfilled

Variable Name

MagpieData mean Nsunfilled
frac d valence electrons
MaggieData mean Covalenthadius
MagpieData avg_dev Nsunfiled
MagpieData minimum NUnfiled
MagpieData minimum Calumn

2-nom

Top 20 Variables by SHAP Value F

MagpieData mean Nunfilled
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MagpieData range Covalentradius
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MagpieData avg_dev Ndvalence
MagpieData minimum MeitingT
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2-norm

MagpieData mean MeitingT

0.01 002 003 0.04 0.05
Mean [SHAP Value] (Average impact on model output)

roup 5: Amalie, Frida, Hugo, Rasmus and Silas



[.5. Feature importancéVhich v

Forward_Rank Variable
1 MagpieData mode Number
2 MagpieData mean MendeleevNumber
8 MagpieData avg_dev Column
4 MagpieData maximum MendeleevNumber
5 MagpieData mean MeltingT
6 MagpieData avg_dev Number
7 MagpieData minimum Number
8 0-norm
9 MagpieData mean CovalentRadius

10 MagpieData mean Electronegativity
n MagpieData mean GSvolume_pa
12 MagpieData avg_dev MeltingT
13 MagpieData maximum Electronegativity
14 MagpieData mean NdValence
15 MagpieData maximum GSvolume_pa
16 MagpieData mean Column

o
1

2
3
4
5
6
7
8
9

Accuracy
0.840001
0.867799
0.882800
0.894000
0.898200
0.899000
0.898401
0.899401
0.900801
0.900001
0.900201
0.901601
0.898000
0.900000
0.901401
0901801

Variable RFE_Rank

MagpieData avg_dev Column
MagpieData mode GSvolume_pa
MagpieData mode Number
MagpieData avg_dev MeltingT
MagpieData mean MendeleevNumber
MagpieData mode Electronegativity
MagpieData mean MeltingT
MagpieData mean Number
MagpieData minimum MeltingT
MagpieDalam
MagpieData mean Electronegativity
MagpieData mean Column
MagpieData maximum Electronegativity
MagpieData mean GSmagmom
MagpieData mean GSvolume_pa

MagpieData maximum GSvolume_pa

1
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2
3
a4
5
6
7
8
9

ariables are important ?

TC. lim it %’Il ;3 Qm_wdght

MagpieData avg_dev GSvolume_pa
MagpieData mean MeltingT

frac s valence electrons

MagpieData avg_dev NUnfilled
MagpieData avg_dev Column
MagpieData mean SpaceGroupNumber
MagpieData mean NfUnfilled
MagpieData avg_dev NfUnfilled
MagpieData mean MendeleevNumber
MagpieData maximum NUnfilled
0-norm

MagpieData mean CovalentRadius
MagpieData mean Electronegativity
MagpieData mean GSvolume_pa

MagpieData maximum Number

0.00284
0.00178
0.00102
0.00100
0.00096
0.00096
0.00088
0.00080
0.00078
0.00076
0.00074
0.00072
0.00062
0.00060
0.00058
0.00040

Variable RFE_Rank

MagpieData avg_dev GSvolume_pa
MagpieData mode Electronegativity
MagpieData maximum Electronegativity
MagpieData maximum GSvolume_pa
MagpieData mean NUnfilled

frac d valence electrons

MagpieData minimum MeltingT
MagpieData minimum NValence
MagpieData mean SpaceGroupNumber
MagpieData mode GSvolume_pa
MagpieData avg_dev Column
MagpieData avg_dev NdValence
MagpieData range CovalentRadius
MagpieData mean MeltingT

frac s valence electrons

MagpieData mean NdUnfilled

1
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Forward_Rank Variable
1 MagpieData mean NfUnfilled
2 MagpieData avg_dev NfUnfilled
3 MagpieData maximum NfUnfilled
4 MagpieData minimum GSmagmom
5 MagpieData minimum NsUnfilled
6 MagpieData range CovalentRadius
@ MagpieData avg_dev NUnfilled
8 frac d valence electrons
9 MagpieData maximum NpUnfilled

10 MagpieData maximum NdUnfilled
n MagpieData mean Electronegativity
12 MagpieData mean Number
13 MagpieData maximum NUnfilled
14 MagpieData mean CovalentRadius
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n

15 MagpieData maximum CovalentRadius

16 MagpieData mean GSvolume_pa

Accuracy
0.892200
0.893601
0.895601
0.896001
0.895601
0.862000
0.885999
0.899599
0903399
0.905200
0.809000
0.905800
0.909600

0.909199
0.906399

0.909801

Variable RFE_Rank

MagpieData mean NUnfilled
MagpieData maximum GSvolume_pa
MagpieData mode Electronegativity
MagpieData range CovalentRadius
MagpieData mean Electronegativity
MagpieData avg_dev NdValence
MagpieData mean NsUnfilled
frac d valence electrons
MagpieData mean NdUnfilled
MagpieData avg_dev NsUnfilled
MagpieData mean GSvolume_pa
MagpieData mean MeltingT
MagpieData mean CovalentRadius
MagpieData avg_dev NdUnfilled
MagpieData avg_dev NsValence

1
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1.5. Feature importancéNhiCh variables are important ?
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I.6. Prediction High SC candidates from Materials Project

SC candidates are visualized using the SuperCon
UMAP presented in main slides

MP entries with P >0.8 (colored by

Superconductor

predicted Tc) plotted on top of all MP entries (grey).

The SuperCon data is plotted to the left, colored by
the true Tc.

10th 2026

AML Final proj

Predicted Tc distribution of MP SC candidates  Material Project UMAP transform with SC probability
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I.6. Prediction High SC candidates from Materials Project

formula

Ba2Ca2Cu3Hg08

Bal0CaY4(Cu307)5
Ba3Cala2(Cu307)2
Bal0GdY4(Cu307)5
Sr2Ca2Cu3BiO8
Ba2YCu307
Ba8Y4(Cu409)3
Ba2EuCu307
Ba2Ca2TI2Cu3010
Ba2ErCu307
Ba2HoCu307
Ba2NdCu307
Ba2TmCu307
Ba2DyCu307
Ba2SmCu307
Ba2Ca3TICud40n
BadY2Cu7015
Sr4Ca2Cu4Bidl016
Ba2GdCu307
Ba2CaTICu207
Ba2CaCu2Hg06
Ba2LuCu307
Ba8Gd4(Cu409)3

Tc_pred

124.433788

86.267455
82.213114
83.941220
101.927806
89.068514
79.489492
87.103466
108.224302
87.819944
87.909878
87.667679
87.558059
88.300886
86.760238
120.090212
79.918825
78.721598
93.353197
81.525488
103.853234
78.600486
81.621837

SC_prob Tc_true

0.986904

0.985506
0.985318
0.980621
0.979355
0.975423
0.972126
0.969430
0.968994
0.966323
0.966081
0.965958
0.958122
0.953925
0.952358
0.951845
0.950629
0.945462
0.939499
0.926054

0.918371
0.906098
0.904996

AML Final project - June 10th 2026

134.0

-1.0
-1.0
-1.0
-1.0
93.0
-1.0
90.0
125.0
90.5
915
895
90.9
214
96.5
128.0
95.0
-1.0
95.0
80.0
126.0
87.0
-1.0

K]

Predicted critical temperature [

MP high Tc Superconductor candidates. None of them are in the SuperCon dataset. Finding articles (or

not) about each compound lead us to be able to state a true Tc for some of the candidates. For the
candidates where we could not find any Tc information, Tc_true=-1

The compounds with known Tc are plotted below on lin-lin- (left), and log-log- (right) scale.

0 75 100 125 150
True critical temperature [K]

Predicted critical temperature [K]

Predicted vs true Tc of MP candidates with known Tc

—
n

X
—
=1

10°

9x10'

8x 10"

8x10' 9x10" 10

15 %107
True critical temperature [K]

NI ]

MP SC candidates, highest to lowest SC probability

Ba2Ca2Cu3HgO8
Bal0CaY4(Cu307)5
Ba3CaLa2(Cu307)2
Bal0GdY4(Cu307)5
Sr2Ca2Cu3BiO8
Ba2YCu307
Ba8Y4(Cu409)3
Ba2EuCu307
Ba2Ca2TI2Cu3010
Ba2ErCu307
Ba2HoCu307
Ba2NdCu307

malie, Frida, Hugo, Rasmus and Silas

*

Ba2TmCu307
Ba2DyCu307
Ba2SmCu307
Ba2Ca3TICu4011
Ba4Y2Cu7015
Sr4Ca2Cu4Bi4I016
Ba2GdCu307
Ba2CaTlCu207
Ba2CaCu2HgO6
Ba2LuCu307
Ba8Gd4(Cu409)3

(53)



1. 3DSC
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II.1.Data description

3DSC MP

— 63 features

- — 76 features pap e
+ Structure

+ Label (T

- + Label (T ) abel (T )
l
l .
5773 Entries 75 850 Entries

University of Copenhagen - Niels Bohr Institute



II.1. Data description

YBasCuz O
SuperCon |, 'k Successful
entry match
\_ 1 Same Filter
normalized matches by
chemical criteria
?
Crystal formula?
structure
YB‘(IQCL1307
—
( ¢ Artificial doping
1. Similar normalized chemical formulas? Replace
2. Unambigous replacement? elements at
3. Maximum 2 elements per site? all equivalent

K4. No addition or removal of sites? sites
L

Example on successful match:

Cula, o ;Nd, .0, with Tc + Structure of CuLa,O,

Replacing 0.05 x La with Nd in CIF

2Zi|xsc,i - xcry,il
Zixsc,i o xcry,i

A

totrel —

Artificial Doping:
a) Everything is fine, compound is a successful match
b)  Fails criterium 2 (Ambiguous replacement, symmetry different B sites)
¢)  Fails criterium 3 (+2 elements per site)
d)  Fails criterium 4 (Addition of sites)

20 § ‘0o 2 9 ‘. e 2 i ¢
0P 00 ifiEifLE: 070 G
°98, 0% o °88° o %00

/ Ba,Bi, x CuLaNdo, x Al.Cu x
- Rhissltie -» Ba,Bi,4;Sby.s - CulLaNd, 4Thg,50, - Al,,Cu

Rankring criteria:
MP: lowest E_hull + lowest A

Approximated structure of totrel

_——— e == —— CuLa, , Nd, O, (2 equivalent= both are kept)
“Artificial doping” with Tc
SuperCon Material
Pio?:?ts 3DSC MP ICSD: If multiple temperature of
dataset crystal is reported, all are kept (—

Lee et al 2025: https://iopscience.iop.org/article/10.1088/2632-2153/ae04c1

Many structures)
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https://iopscience.iop.org/article/10.1088/2632-2153/ae04c1
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I1.2. Visualization of 3DSC

UMAP coloured by Tc

80

0 With Cu
i 8 Without Cu
30
ER]
0E O
158
L0
os
" 75 100 125
Te (K)

Clustering

No additional useful information was obtained from
clustering, tendency to cluster after elements (Cu),
could not find a ‘High Tc’ cluster more generally

4 Clusters, Gaussian
Mixture

-7.5 50 25 0.0 2.5 5.0 7.5

6 Clusters, Spectral
Clustering

“q5 58 25 0.0 25 5.0 L&

9 Clusters, Gaussian
Mixture

+ Cluster 0, N=1407
Cluster 1, N=3205
Cluster 2, N=20
Cluster 3, N=1141

Silhouette=0.087

Cluster 0, N=4792
Cluster 1, N=36
Cluster 2, N=40
Cluster 3, N=47
Cluster 4, N=22
Cluster 5,

Silhouette=-0.063

Cluster 0, N=34
Cluster 1, N=288
Cluster 2, N=18
Cluster 3, N=1944
Cluster 4, N=783
Cluster 5, N=514
Cluster 6, N=835
Cluster 7, N=720
Cluster 8, N=637

Silhouette=0.038




I1.2. Visualization of 3DSC MP

Distribution of critical temperatures for materials
found in MP but not in ICSD

Counts

0 20 40 60 80 100
Tc [K]

AML Final project - June 10th 2026

Number of artificially doped crystals per
original CIF file

10% 4
107’5

1023

Count (log)

) | i V i

0 100 200 300
Number of doped variants

100 4

Group 5: Amalie, Frida, Hugo, Rasmus and Silas



I1.2. Visualization of 3DSC MP

UMAP Feature importance

UMAPI driver #1: max_electronegativity UMAPI driver #2: O UMAP! driver #3: std_radiusUMAPI driver #4: formation_energy per_atbiMAP1 driver #5: min_electronegativity =~ UMAPI driver #6: min_radius
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June 10th 2026 i : Amalie, Frida, Hugo, Rasmus and Silas
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I1.2. 3DSC MP: LGBM C(lassification

Tc= 0 vs Tc>0K:
All data is plotted,
scores are calculated
from held out data.

Tc < 10K vs Tc>10K:
Only held out data is
plotted, scores are
calculated from held out
data as well.

AML Final project - June 10th 2026

Counts

Counts

All data on classification model

B Non-superconductor (tc=0)
Superconductor (tc>0)

04 0.6
Probability of superconductor

All data on classification model - cut off temp = 10K
Validation scores: AUC=0.9656, Accuracy=90.30%

W Non-superconductor-ish (Te<10K)
Superconductor+ (Te>10K)

04 0.6
Probability of superconductor

True Non-SC

True SC

Confusion Matrix — Validation Set
ROC-AUC: 0.8295

600
249 107
500

400

-300

Predicted Non-SC

Predicted SC

Confusion Matrix (cut-off=10K) — Validation Set

True Non-SC-ish

True SC+

AUC=0.9656, Accuracy=90.30%

700

96 600
500

400

-300

16 261 -200

- 100

Predicted l\ilon-SC—ish Predictied SC+

All ICSD data
from here on is
weighted to
counteract
imbalance in data
augmentation



I1.2. 3DSC MP: Regression

Optimised (20 features)
R?=0.863, RMSE=7.921 K

102 4
_ 10'4
¥
[_‘U -~
-
2 10°y
3
3
I
1079
1072 4— , . ] :
107 10" 10° 10' 10°
True Te (K)
Optimised (20 features)
R?>=0.863, RMSE=7.921 K
120
100
9
o 801
2
-
-l
8
= 40
20 1 .
ol

0 20 40 0 80 100 120
True Te (K)

Combined Feature Importance (3DSC) (SHAP * Permutation - LGB Gain)

Feature Importance — Top 25 by Consensus Score Consensus
(0] 0.25
Cu 0.18
formation_energy per_atom_2 0.08
density 2 0.06
energy_per_atom_2 0.06
latb_2 0.04
num_clements_sc 0.04
latc_2 I 0.03
total_magnetization_2 [ 0.03
cfermi 2 0.03
e_above_hull_2 0.03
Nb 0.03
final_energy 2 0.02
num_magnetic_sites_2 0.02
Fe 0.02
lata_2 0.01
cell_volume 2 0.01
As 0.01
exchange_symmetry 2 001
Ba 0.01
u 0.01
Mg 001
Ce 0.01
Bi M- SHAP" 000
B BN Permutation 0.00
B LGB Gain
0.00 0.05 0.10 0.15 020 0.25 030 0.35 0.400.0 0.1 0.2 0.3 0.4
Consensus Score

Normalised Importance
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0.6
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I1.2. 3DSC ICSD: LGBM C(lassification

Grouped vs non grouped: On held out test set

- Confusion Matrix — FINAL TEST SET Testing whether
Not grouped _Cl::f:::z’:‘::(:ii:?St set - ROC-AUC: 0.9921, Accuracy: 97.21% ROC-AUC: 0.9921 grouplng Of data 1S
Te= 0 vs Te>0K: | = st %‘ 05 1mporttant (soall
Held out data is 5 e 12 8000 artificially doped
. 5 samples coming from
plotted and scores is 3 .
leulated f thi 000 the same original
calcufated from this 2000 structure, is all in the
7 3 test/train/validation
& -2000  get.)
0.4 06 Y 10 PredicteclI Non-SC Predicted SC
Probability of superconductor
Classification model — validation set Confusion Matrix — Validation Set
N Non-superconductor (Tc=0) ROC-AUC: 0.9792
Superconductor (Tc>0)
@]
Grouped i 10000
2 - 3758 238
Te= 0 vs Tc>0K: E 8000
Held out data is 6000
plotted and scores is o 4000
calculated from this 8- 1 =
= 2000
Predictedl Non-SC Predicted SC

0.4 0.6
Probability of superconductor
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I1.2. 3DSC ICSD: LGBM C(lassification

Not grouped

Te= 0 vs Tc>0K:
Held out data is
plotted and scores is
calculated from this

Grouped

Tc= 0 vs Tc>0K:
Held out data is
plotted and scores is
calculated from this

AML Final project - June 10th 2026

Counts

Counts

Grouped vs non grouped: On (real) MP structures (not in ICSD)

MP SCs — Classification Probabilities
AUC=0.7234, Accuracy=67.19%

B Non-superconductor (Tc=0)

Superconductor (Te>0)

04 0.6
Probability of superconductor

MP SCs — Classification Probabilities
AUC=0.6906, Accuracy=60.57%

0.0

I Now/low-superconductor (Te<10K)
Superconductor+ (Tc>10)

0.2 0.4 0.6 0.8 1.0
Probability of superconductor+

True Non-SC
f

True SC
|

True Non-SC

True SC

Confusion Matrix — MP test
ROC-AUC: 0.7234

193 88

- 200

165 - 150

-100

il
Predicted Non-SC Predicted SC

Confusion Matrix — MP test
ROC-AUC: 0.6906

Predicted Non-SC Predicted SC



I1.2. 3DSC ICSD: LGBM ClassificationGrouped

On held out ICSD data

Te< 77K vs Tc>77K:
Held out data is plotted
and scores is calculated
from this

On (real) MP
structures not in
ICSD

Te< 77K vs Tc>77K:

AML Final project - June 10th 2026

Classification model - High Te SC (ICSD) — validation set . . L
1o BN Now/low Te superconductor (Te<77K) Confusion Matrix — Validation Set
High Te Superconductor (Te>77K) ROC-AUC: 0.9995
o) 12000
2
5
z 197 10000
: £
e = - 8000
8
-6000
10!
% - 4000
E - 10 3172
B -2000
10
0.6 | |
Probability of High Te superconductor Predicted Non-SC Predicted SC

Confusion Matrix — MP test
ROC-AUC: 0.4243

MP SCs — Classification Probabilities
AUC=0.4243, Accuracy=37.48%

I Non/low-superconductor (Te<77K)
Superconductor+ (Te>77K)

400

True Non-SC

10° 300

Counts

-200

True SC

- 100

10’ ¥ J.I M

0.0 0.2 0.4 0.6 0.8 1.0 Predicted Non/low Tc -SC ~ Predicted fligh Tc SC
Probability of high Tc superconductor

Conclusion:

Due to the very large ICSD data,
the classification results are
quite good when just testing on
th held out data, but applying it
to the MP entries, the AUC and
accuracy becomes a lot worse.
This is alarming, and might be a
sign of overtraining (which we

tries to avoid by grouping the
data).



I1.2. 3DSC ICSD: Regression (grouped)

3DSC ICDS Tec Regression (grouped) — Final Model Predictions vs True Values
Tested on 8213 SC samples (train/val = 40179/9388), RMSE=4.494 K, R>=0.981

50 features, log-log scale 50 features, lin-lin scale
10° Combined Feature Importance (3DSC, IDCS (wei )) (SHAP - Per ion - LGB Gain)
120
o _ 100
%) 1 Feature Importance — Top 25 by Consensus Score Consensus
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v 001 o3
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Ni 001
Mg 001 02
3DSC ICDS Tc Regression (weighted and grouped) — Final Model Predictions vs True Values c 001
On 490 MP SC samples, RMSE=7.893 K, R*=0.786 Ca 001
N 50 features, log-log scale 50 features, lin-lin scale K 001 0.0
10° - T 001
100 Co 0.01
& = SHAP F0
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11.3. Graph presentati%BSC neural network algorithm
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Smallest lattice length
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11.3. Graph presentati%BSC neural network algorithm

S .

1. Define the nodes e
Vol

2. Define the Edges

AML Final project - June 10th 2026



I1.3.Graph presentation
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I1.3.Graph presentation

1. Define the nodes

2. Define the Edges
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11.3. Graph presentati%BSC neural network algorithm

1. Define the nodes

2. Define the Edges

d Gaussian Expansion
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I1.3. Graph Convolutional neural network

Convolutional Fully Connected

Package: pytorch geometric Layers
AL e , -
L , S —»— Output
Nodes features 4 i - ¥ & TR
(size n) S
¢Linear embedding
Embedded Crystal vector W Critical
features (size d ) (size d) temperature (Tc)

Clo?ov?lution (Xti?leS) + J Neural Network
global mean pooling d—d/2 — 1
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I1.4. 3DSC MP Classification (GCNN)

Results of permutation importance. The computational cost of including the env. makes it

desirable to test whether we can exclude this feature.

MP, incl. env.

MP, ex. env.

Permutation importance — classifier (top 20)

molar_volume
atomic_mass
voronoi_volume
mean_face_area
ox_range
mendeleev_no
element_B
is_f_block
min_ox_state
element_P
element_Fe
element_C
element_Co
element_Sb
disorder
element_Cr
valence_electrons
element_Ir
coordination_number

element_V

Baseline AUC: 0.8819

0.00 0.02 0.04 0.06 0.08 0.10 0.12
Drop in AUC after permutation (higher = more important)

AML Final

atomic_mass
molar_volume
ox_range
electronegativity
element_B
min_ox_state
element_Fe
mendeleev_no
element_Co
is_f_block
element_C
valence_electrons
element_Sh
element_Ru
is_d_block
element_Si
element_Ir
element_Cr
element_P

disorder

Permutation importance — classifier (top 20)

Baseline AUC: 0.8571

0.02 0.04 0.06 0.08 0.10
Drop in AUC after permutation (higher = more important)

Group 5: Amalie, Frida, Hugo, Rasmus




I1.4. 3DSC MP Classification (GCNN)

Resulting AUC for different models

Full MP (Incl. env.) 0.923
Full MP (Ex. env.) 0.916
ICSD 0.91

Train on ICSD, tested on MP 0.857

AML Final project - June 10th 2026 Group 5: Amalie, Frida, Hugo, Rasmus and Silas



I1.5. Regression: MP 3DSC (GCNN)

Small data set - we use k-fold cross validation to train our neural network. with a 10% validation set.

Predicted: —-0.6262 | True: —0.6861 Final CGCNN Model: Predicted vs. True T,
MAE: 0.2534 R? =0.848 | MAE = 4.48K
R2:  0.7931
- = Perfect Fit (y=x)
102 =

10! 1
— 107 1
o
o
S 107!~
3 e
N 100 4
= ~
E 3
g g
=t B il .
E E 10
9
o -5 4
o 10
o

1072 4 S
] ’/’
=7 -
10 L7
o] ,/
T T T T T 1073 * ®
102 10-1 10° 10! 102 = o ._1 ” — -
True (normalized log Tc) 10 10 10 10 10 10
True T¢ (K)
without k-fold with k-fold
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I1.5. Regression (GCNN)

Predicted Tc (K)

102 A

101! A

100 4

10714

102 4

We use MatGL's pre-trained MEGNet to predict the Formation Energy for every crystal in our dataset, then we

use this value in our Neural Network

Unseen 10% Test Set: Predicted vs. True Tc
R?2=0.765 | MAE = 0.41 K

== Perfect Fit (y=x)

102 1071 10° 10!
True Tc (K)
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102

102 4

101 4

Predicted Tc (K)
3

=
o
-

1072 4

Unseen 10% Test Set: Predicted vs. True Tc
R2=0.789 | MAE =0.41K | RMSE =9.16 K

- = Perfect Fit (y=x)

102 1071 10° 10! 10?
True Tc (K)
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I1.5. Hyper parameter optimization for upgraded model (GCNN)

test_r2
hd = 64 hd = 128
c=1 0.546 =1
0.75 0.75
0.70 0.70
W =2 > c=2
] 065 g 0.65
z B val_r2
2 060 & 2 060 & hd = 64 hd = 128
g g
v =3 u =3
0.55 0.55 =11 =1
0.50 0.50 0.92 0.92
=4 c=4
c=2 ‘E c=2
0.90 %{ 0.90
m=1 m=2 m=3 m=1 m=2 m=3 >
m (message passing rounds) m (message passing rounds) §
o 0.88 T =3 0.88
train_r2
hd = 64 hd = 128 0.86 0.86
=1 0.848 0.873 0.849 =1 =4 =4
0.92 0.92 m=1 m=2 m=3 m=1 m=2 m=3
5 o e=2 m (message passing rounds) m (message passing rounds)
H 3
:~ 0.90 %’ 0.90
x 3 2 &
5 S
z )
g 088 =3 0.88
0.86 0.86
=4

m=1 m=2 m=3 m=1 m=2 m=3
m (message passing rounds) m (message passing rounds) : : 3 g : s and Silas




I1.5. Not dividing training and validation before synthetic doping (GCNN)

high_tc_high_expc 2hd 128m 3

Parity plot Parity plot Parity plot
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Train set Val set
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I1.5. Regression (GCNN)

Overtrained GCNN with global attention

Irain set
MAE=7.04 K RMSE=11.19 K R?=0.880
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Node-level MSE: 7.7501 + 13.4069
Median MSE: 1.4539

I1.6. Variational Auto Encoder - ICSD L MSE: 1089094
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I1.7. Challenges

Weighting loss  Loss = v - LoSSppges + W - LOSSegges + % - KL
Encoder - Decoder difference
Graph to material

Fun
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