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Common questions in biology

What is the difference between cancerous and benign tissue?

TISSUE SAMPLES

A 4
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Common questions in physics 3

%>

What materials have exceptional conductivity?

Odd #Atoms A #Atoms > 8
= Odd #Atoms A % 4-bonds < 0.6 A % 2-bonds < 0.9
= Even #Atoms A 3-D Planarity A Gyration < 1.00
Even #Atoms A % 0-bonds < 0.01 A 2-bonds > 0.43
A Gyration < 1.00 A % 1 bond < 0.3

A 4

0.5 1 1.5 2
Y: HOMO-LUMO gap
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Common questions in medicine

Which people do (nhot) benefit from a treatment?

Survival function

A 4

Survival probability

Time
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Common questions in reality N
[ |
What is the domain of applicability of my ML model?
é 5
Determine conditions S R A
. Vad 0.03 v N
> on x under which f(x) > oo % :
is reliable T e e
" i : e

0.00259




Common questions in interpretability

What internal reasoning influences predictions?

A 4

Extract interpretable
concepts

v
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Concept1 Concept 2
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Common questions in ML
g Survival function | m
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Understanding genetic data

Breast Cancer Data (BRCA)

* (Binarized) sequences of tissue samples
» Labeled with types of BRCA
* Very high-dimensional, low #samples

< éRCA Gene 2
< BRCA Gene 1

— i

Goal: Find class-specific interactions of genes

Class-specific pattern:
Occurs more often in class k

1.

@

2. Is most predictive for class k
Features F Y
r
1 1 1 1 r
1 1 1 1 1 1 r
1 0 1 1 1 1 r
1 1 1 1 T 1 s
1 1 s

(Walter et al. 2024)
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BINAPS - In a nutshell

G3)

Main Idea: Compression - Patterns

Autoencoder

/ \
®
X5

QOO
CIOIO

Inactive edge O Inactive neuron
— Activeedge @ Active neuron

(Fischer et al. 2021) 10



BINAPS - In a nutshell

G

Main Idea: Compression - Patterns

Autoencoder

Pattern Layer

Inactive edge O Inactive neuron
— Activeedge @ Active neuron

(Fischer et al. 2021) 1



BINAPS

ForX eD

4

- In a nutshell

G

i 1. reconstruct X

O PyTorch

Use ADAM for optimization

2. compute loss

3. backpropagate
dLyp(X)  dLy p(X)
dw db

4. Clamp W, b and get binarized W, discretized by,

(Fischer et al. 2021) 12



Exploring human variation.

single nucleotide polymorphisms

— ] — ] ]
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1000 Genomes project

Measuring variations across human
populations (~2500 individuals)

Here we look at single nucleotide
variations in genes of autosomes
(~228k variants)
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Exploring human variation.

What we find:

 Blocks of consecutive variation

« Patterns of alternate phasing across variants
(in some individuals pattern 0|1, 0| 1,0| 1 inothers 1|0, 1|0, 1|0)

Linking to genes:
« Pattern of developmental genes together with genes with unknown role
« Pattern of genes crucial for the ribosomal complex
« Pattern of variants associated with type 2 diabetes, and unknown variant



BINAPS - In a nutshell

Main Idea: Compression - Patterns

Autoencoder

O W on

__________________________________________________________________________

Pattern Layer

Inactive edge () Inactive neuron
— Activeedge @ Active neuron

O\

(Walter et al. 2024)

G3)
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DIFENAPS - In a nutshell 3

G3)

Main Idea: Compression + Classification = Class-specific pattern

Autoencoder Forward Pass
rQ wE be Wy O\ | 1. Binary inpu’F X |
‘O 2. Binarize weight matrix W}
3. Compute hidden activation z
z=2p(Wy x),
where A; is a binary activation function.

4, Compute reconstruction

Pattern La)|/-er { \‘ N .
i . S _ ENT
Inactive edge Olnactive neuron E WC >y x — AD((Wb ) Z)
—Activeedge @ Active neuron |} D 5. Compute classification y

Classifier 9 = softmax(W¢z)

Jointly optimize reconstruction and classification accuracy

(Walter et al. 2024) 16



DIFFNAPS - Extract patterns

Autoencoder

r
O w »

Pattern Layer

Inactive edge () Inactive neuron
— Active edge @ Active neuron

wiy (O

\‘\

WC

[
1
1
1
1
1
1
1
1
1
1
1
1
I\

Continuous Discrete
0.02 0.87 0.02 087 By (") 01 0 1
E E E

wWEF=] 08 001 004 09 | —— Wy =|1 0 0 1 |«
0.0 099 0.8 0.09 0 1 1 0ley:
B () 0O 0 1 4
¢ _[007 001 09 T Wc:[ ] :
W [0.02 0.9 0.2 — Plo 10 Jee

Classifier

Class-specific patterns: P! = {{2,3}} resp. P? = {{1,4}}
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DIFFNAPS - Real World Data

« Cardio (m = 45): Patient data annotated with heart disease
« Disease (m = 131) : Various symptoms annotated with disease
« BRCA-S (m = 20k): ncRNA annotated with cancer type - Found biologically relevant patterns!

« Genomes (m = 225k): DNA annotated with ethnicity

—— DIFFNAPS —— CART —— CLASSY — SPUMANTE PREMISE
Cardio Disease BRCA-S Genomes
14 149 14 143
0.83 SN 0.8 st —r= 0.8 0.8 \
S 0 o ] % 0 ¢ ] % 0 ¢ ] S 0 6 ]
= 0.6 < 0.6 4 < 0.6 5 s 0.6 .
() D) | D) 1 ] 1 \
3 0.4 ~ % 0.44 % 0.44 3 0.4 \
@) @] = | @] = | @) i
0.2 \ 0.24 0.24 0.24 \
'TYr’l]T\‘rH]‘H’l!'l'f”'!TrlY!” 'THH[FHH[TVHI[THI‘I[YHH' 'HVII[T!KH“H‘H’FVHTT[VHH' 'HH’V'IH'I'H[IH’V!I!‘I’THITIVH"
0 0.20.40.60.8 1 0 0.20.40.60.8 1 0 0.20.40.60.8 1 0 0.20.40.60.8 1
Specificity Specificity Specificity Specificity
N\ J I\ J
Y Y

On par for low dimensions

Substantially better for high dimensions

18



\"I

Common questions in ML
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Common questions in ML
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Discovering exceptional subgroups

Census Data

IR T e e

White
White

White

White

Task - Subgroup Discovery:
1. Find exceptional subgroups
2. With an interpretable description

Female A Low Education
= Male A White A Age > 38
= Male A Educated A Age > 30

.. .

50k 100k 150k 200k 250k 300k

Y Wages in $1000

R\ % '!'

\I l'/

N

o>

21
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Traditional Subgroup Discovery

Subgroup Discovery

1. Pre-discretize features
- Likely to miss subgroups

2. Strong assumptions on target
- Specialized methods needed

3. Combinatorial optimization
-> Does not scale

22



Modern Subgroup Discovery

Subgroup Discovery

SYFLow

max KL(Pys=1 |

Subgroup
Py|s=1

)

1. Pre-discretize features
- Likely to miss subgroups

2. Strong assumptions on target
- Specialized methods needed

3. Combinatorial optimization
-> Does not scale

1. Learn predicates end-to-end
- Accurate Discretization

2. Use Normalizing Flows (NFs)
- No assumptions

3. Maximize KL-divergence
- Highly general

4. Continous optimization
- Highly scalable

A
A

Overall

Neural Rule
Layers

—p

AlHHHHre
[l

(Xu et al. 2024)




SYFLOW - Neural Rule Layer |

Goal: Find an crisp interpretable description
o(x) = ~Smoker N 44 < Age < 64

Ingredients:
1. Differentiable binning predicate

e%(2w¢—a,~)

- ey - t) =
W(xzaazaﬂ’w ) e%xi+e%(2xi—ai)_i_e%(?)tri—ai—ﬁi)

« Differentiable analog of:

1 ifo <z < B
0 otherwise

W(fEi;Oéz',ﬁz') = {

« Temperature t controls crispness

Theorem 1 Given its lower and upper bounds o;, B; € R,
the soft predicate of Eq. (1) applied on x € R converges to
the crisp predicate that decides whether x € (a, [3),

1 ifo; <xy < By
}1_13(1) 7(xs; 04, Bi,t) =< 0.5 ifr; =a; Va; =55 -
0 otherwise

(Yang et. al. 2018)
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SYFLOW - Neural Rule Layer Il

Ingredients:
1. Differentiable binning predicate

2. Differentiable logical AND

« Harmonic means behaves like an AND
1. If one T, is zero then evaluate to false

2. If all T, are one then evaluate to true
« Implicit feature selection with a;

Optimization

P

Learn the overall distribution Py

Repeat for

Learn the subgroup distribution Pys—4
N steps

Optimize classifier weights and bins

N WON

Output: Subgroup

max KL(Py|s=1 | Py)

Subgroup |, Overall
Py|s=1 Py
s(z; o, B, a,t)
ai ag Am—1 am
T o Tm—1 Tm,
A A s 4
I Z2 Tm—1 Lm

Fully differentiable!

(Xu et al. 2024)
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Experiments — Materials Science % g @

Gold Nanoclusters

Odd #Atoms A #Atoms > 8
= Odd #Atoms A % 4-bonds < 0.6 A % 2-bonds < 0.9
= Even #Atoms A 3-D Planarity A Gyration < 1.00
Even #Atoms A % 0-bonds < 0.01 A 2-bonds > 0.43
A Gyration < 1.00 A % 1 bond < 0.3

« Atom-based features
« Bond-based features -

 Shape-based features _.l__d-_-_t

0.5 1 1.5 2
Y : HOMO-LUMO gap

Target: HOMO-LUMO gap
~ stability and conductivity

(Xu et al. 2024) 26
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Common questions in ML

BRCA Gene 1

BRCA Gene 2

Data -«

0.06 1

0.05 4

0.04

0.03

0.0264

» Models
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Model diagnostics 3

Population
sl 045 __
P ={c:c € (In,Ga,Al,) 0] o E
. 2
I
0.6} 035 2
Photovoltaics a0 @
25
0.4} 025 <
>
0.20 %D
=
0.2} 015 H
o
S
000600000 00 0000 ) o =
.......... .............
0.0l .O. .C....-O.............. 0.05 g
o
: ‘ ‘ ‘ ‘ . 000
0.0 0.2 0.4 0.6 0.8 1.0

e-phase (Pna2l)

c-hase (1a3) Rh,0;-1l-phase (Pbcn)

(NOMAD2018 competition on Kaggle) 29



Model diagnostics
1agnoest &

Population
0.8 0.45 —_
P = {c: c € (InxGayAly)zOg} o =
a0 2
S
Target 0.6} 0-35 =
y = |AE — fag(c)| of regression model fxg 030 2.
S}
0.4} 025 <
>
0.20 %D
=
0.2} 015 Hd
=
)
010 -5
<
0.0} 0.05 é
o
0.00 =

0.0 0.2 0.4 0.6 0.8 1.0

Frequency

Arbitrary model you want

to use for predicting

Inv. Distance A

(Hua and Rupp, 2018) 30



Model diagnostics

° 0.06
Population
P ={c:c € (In,Ga,Al,) 0] .
v v
Target § 004 A
_ = . ~ JC-’G v v VY v V¥ v v V. &
y = |AE — fag(c)| of regression model fyg g ) e % ; ’
0.03 - : oF v
o, v A A 0.0264
=y = V ev v/ ‘va v v
vV @ yV B Gy \4 v ‘
oo 0-027 v TV Ty v Yk -
— O- A T N ubss A .
— Al-O . . . & 5 Wvg‘ W;V £ VW W/
— Ga.0 0.01 % End ¥ o A
o e R ,_‘V\:’f‘“ % 0.00481
— Al-Ga . : FE .
Al-In o's 06
— Ga-In

Frequency

Model has low average error

but its predictions are
generally unreliable

Inv. Distance A

(Hua and Rupp, 2018) 31



Model diagnostics o=

Population 0065
P ={c:c € (In,Ga,Al,) 0] o
o v
Target g
~ . ~ P} v
y = |AE — fag(c)| of regression model fag 3 ve  F
= v
& 0.0264
Features > !
x €{a,b,c,a,pB,y,n,..}
! 0.00998
+ 000481
A 0-00259
\\ \.  E— r T
A . 0.5 0.6

A

o

Model is very reliable

under these conditions

Selector g(c)=n(c) 260Ay(c) <95Aa(c) <121
Parameters cvr(o) = 0.6 eff(c) = 0.3 7(Q) = 0.003 + 0.002, ¥(S) = 0.005 + 0.007]

(Sutton et al, 2020) 32
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Common questions in ML

BRCA Gene 2
BRCA Gene 1

Data -«

Survival probability

Survival function

Time
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Time-to-event data

Participant | Treatment T(ijr:aet;:f

12 0 >
4 1 18
13 0 >
17 0 16
14 0 S
3 1 13
15 0 8
2 1 13
1 1 2
16 0 12

Survival Rate

1.0

00 02 04 06 038

Estimated Survival Functions

Treatment O
Treatment 1

100

Time

150




Time-to-event data

Participant | Treatment T(ijr:aet;:f
12 0 :
4 1 18
13 0 survived
17 0 left study
14 0 S
3 1 13
15 0 8
2 1 13
1 1 2
16 0 12

Survival Rate

1.0

00 02 04 06 038

Estimated Survival Functions

Treatment O
Treatment 1

100

Time

150




Survival Subgroups

SYFLow

max KL(Py|s=1 | Py)

<4-----====

1. Learn predicates end-to-end
- Accurate Discretization

2. Continous optimization
- Highly scalable

3. Use Normalizing Flows (NFs)
- Ignores censoring

Subgroup | Overall
Py|s=1 Py
SYSURV

1. Learn predicates end-to-end

- Accurate Discretization
2. Continous optimization Rl

3 Neural Rule
- Highly scalable Layer s
O

[lHHHHmre
[l

(Al Rahwaniji, work in progress) 37



Survival Subgroups

max Xy (Xc) /)

\\\ overall

) Su bg o \\\ v \
S(T1xS=1) S(T)

SYFLow SYSURV = '

1. Learn predicates end-to-end 1. Learn predicates end-to-end

- Accurate Discretization - Accurate Discretization
2. Continous optimization 2. Continous optimization

> Highly scalable > Highly scalable Neural Rule

Layer s

3. Use Normalizing Flows (NFs) 3. Use Random Survival Forests

- Ignores censoring - No assumptions ]

. [

4. Uses KL-Divergence 4. Maximize curve distance

- Ignores survival - No assumptions —

Allmre

(Al Rahwaniji, work in progress) 38



Experiments — Synthetic data

Fl

— ESMAMDS RULEKIT —— SYSURV
FIBERS — SYFLOW
1.0
0.8_ \
0.6 - =
0.4
0.2 5
0.0 -
[ | I | I | | | | |
60 01 02 03 04 05 06 07 08 09

% of censored samples

(Al Rahwaniji, work in progress)
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Experiments — Real world

Our objective KL-Divergence Logrank statistic Mean-shift Adjusted mean-shift

SYSURV  SYFLOW ESMAMDS FIBERS RULEKIT SYSURV  SYFLOW ESMAMDS FIBERS RULEKIT SYSURV  SYFLOW ESMAMDS FIBERS RULEKIT SYSURV  SYFLOW ESMAMDS FIBERS RULEKIT SYSURV  SYFLOW ESMAMDS FIBERS RULEKIT

UnempDur 6.37 3.20 379 3.79 3.79 0.08 0.15 0.13 0.13 0.13 1926 12599 12500 12500 226.52 -2.01 -1.74 214 214 214 -0.02 -0.00 0.00 0.00 0.00
nwtco 1011.64 205.02 68098 20859 68098 0.14 0.02 0.06 0.00 0.06 374.22 0.21 31.36 0.00 281.27 161.97 87208 68824 -056 68824 692 0.40 1.50 -0.00 150
rott2 559.22 41919 487.58 487.58 326.16 = = = = = 266.95 311 71.65 169.35 93.04 31.47 -92.00 2523 2523 10.03 0.10 -1.50  0.04 0.04 0.01
rdata 259.24 15369 213.83 15852 213.83 0.08 0.04 0.03 0.01 0.03 N3.38 5639 1464 4332 107.75 1M16.58 -70091 933.49 70550 93349 798 -1.72 3.60 1.62 3.60
Aids2 66.64 3199 54.01 34.69 60.52 = = = = = 0.21 0.00 4.27 0.01 1.72 2268 -1.45 6136 -0.70 6121 0.07 -0.00 0.0 -0.00 017
Dialysis 4.52 4.69 4.71 4.59 4.74 0.02 0.24 0.01 0.02 0.04 6.36 3376 70.86 305.94 68.38 0.64 -19.60 3.05 4.47 574 0.00 -0.19 0.00 0.00 0.02
TRACE 26176 486.65 33210 26158 27252 0.00 = 0.02 4.98 0.01 0.00 1774 9324  0.00 94.62 0.00 4.53 1.73 -0.00 0.6l 0.00 4.53 0.00 -0.00 0.00
support2 132.83 68.72 10490 5479 8138 2.7 0.57 1.36 0.22 0.21 251.00 39.00 4683 1193 59.87 405.72 -19391 40552 -71.03 22760 1229 -1.41 513 -0.16 2.35
dataDIVAT2 286.30 9992 17247 14130 141.30 0.16 3.91 1.41 219 219 3355 1590 1094 3160 3160 3.18 -1.06 2.06 1.56 1.56 0.05 -0.00 0.01 0.00 0.00
prostatesurvival - 20.T1 9.20 14.13 538 7.51 = = = = = 425.72 103.66 8250 8250 6474 6.1 51 S5 -1.02 3.67 0.00 0.00 0.00 -0.00 0.00
actg 34.58 13.62 1882 1133 2422 0.09 0.03 0.03 0.00 0.06 59.97 240 12.26 0.02 1.05 5413 1850 598 -0.37 2730 1.42 0.07 0.03 -0.00 022

scania 172.47 10159 147.42 8474 147.42 0.03 0.00 0.03 0.01 0.03 4.65 1.91 1366  9.93 14.66 6.51 -286  -244 -0.07 -244 0.05 -0.00 -0.01 -0.00 -0.01

grace 38.56 3204 2101 13.08 1651 0.14 0.06 7.53 0.02 0.00 5930 70.71 2868 13.8] BEIEE 64.03 5179 2177 -.14  16.00 194 0.54 0.08 -0.02  0.04

Avg.rank 154 3.85 2.46 4.23 2.92 2.50 2.67 2.80 3.75 3.05 2.38 3.46 3.08 3.65 2.42 2.08 2.85 2.85 423 3.00

(Datasets were chosen to have 1000 samples or more and around 10 features.)



Experiments — Real world

Avg. Rank SYSURV SYFLOW ESMAMDS FIBERS RULEKIT
Our objective 1.54 3.85 2.46 423 2.92
KL-Divergence 2.50 2.67 2.80 3.75 3.05
Logrank statistic 2.38 3.46 3.08 3.65 2.42
Mean-shift 2.08 2.85 2.85 4.23 3.00

(Al Rahwaniji, work in progress) 4]



Vi,

ll'

Case Study: Neck Carcioma
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PCR - first rule (pruned) -> All associated with Hypoxia

SLC2A1
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Harmonic mean weights



Common questions in ML
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Data -«

Survival probability
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Understanding reasoning
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Why is it important?

Gaining new scientific insights

“.. 45 out of 54 of the TCGA images misclassified by at
least one of the pathologists were assigned to the
correct cancer type by the algorithm”.

| coviD-Net |

Gain insights into critical factors associated with
COVID cases

\"I

-

%00\

What is reasoning?

~Reasoning is the process by which you reach
a conclusion after thinking about all the facts.”
— Collins dictionary

i.e. a relation between facts and a conclusion

AN A ANV .
éﬁgmgé.lx\. Conclusion
PSS
\ J

Y

Facts

46



Extracting Features

Neuron activations Y
—
O 1 | 1 1 | 1 1 C,
1 1 O O O O 1 1 C,
| | 1 1 O 1 O 1 C;
1 1 1/0 1 0|0
1 1, 0/1 0 0 B

(Fischer et al. 2021)
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Sneak peek - Information Flow

ll'
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How does information flow and how is it combined?

Rules: X - Y, X € Labels, Y € FC7
Y - 7, Z € FC6

Z-Q,  QE€ECONVS

CONV5

Labels FC7 FC6 —

Totem pole




Extracting Features Concepts

Concept
Feature activations Y

—
o 1 1 1T 1 1 1 1 B&
/ \
1 1T O O O 1 1 B&

A\

N
3

\'¢

© O O O
o O O
0O
N

AN *3

(Nait Said, work in progress) 49




Connecting concepts

229: Old English Sheepdog

(Nait Said, work in progress)
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Conclusion
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