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« Pathogenic Detection

-Accurate proteome-wide missense variant effect prediction with
AlphaMissense; 2023; Cheng.et al; Science

e Chronic Infections Detection

-Using big sequencing data to identify chronic SARS-Coronavirus-2
infections; 2024; Harari.et al; Nature Communication

 Protein-protein Interaction Prediction

-Hierarchical graph learning for protein-protein interaction; 2023;
Gao.et al; Nature Communication
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« Pathogenic Detection

-Accurate proteome-wide missense variant effect prediction with
AlphaMissense; 2023; Cheng.et al; Science
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Cheng.et al(2023); Science
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® Main Trick:

1. ‘bad” mutation can be predict from protein structure

2. Learning conditioned amino acid distributions in sequence

context using an unsupervised protein language modeling task

3. weak label learning, avoiding data loop/bias issues in previous

methods

Cheng.et al(2023); Science
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"Vbad' mutation can be pFEdICt from protein structure

implemented from Alpha fold 2 (predict 3D structure from gene sequence),

the predictions of the pathogenic is added in the output
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Algorithm 11 Triangular multiplicative update using “outgoing” edges

sl vUSketeerS Foundatlo_n def TriangleMultiplicationOutgoing({zi;},c = 128) :

Institute of Data Science 2 ¢ LagerNom(a,)

EAXKXKEBERLODESTYHEHRZ2WHZEPR 2: a;j, b;; = sigmoid (Linear(z;;)) © Linear(z;;) a;j, b;; € R
3: gi; = sigmoid (Linear{zij]) g;; € Re:
4: z;; = g;; © Linear(LayerNorm(} , ag © bjz)) 7,; € R*
5: ret Zii

b Pair representation Corresponding edges return {z;}
(r,r.c) in a graph
FrEl i e Lt — o Algorithm 12 Triangular multiplicative update using “incoming™ edges

| !
i m i if j def TriangleMultiplicationIncoming({z;;},c = 128) :
' I: 2 + LayerNorm(z;;)
J ki jk 2: a;;, b;; = sigmoid (Linear(z;;)) ® Linear(z;;) a;;.b;; € R°

1 ; : ) 5 :

; 3 ; kj
k K 3: g;; = sigmoid (Linear(z,-j]) gij € R™
I 4: z;; = g;; © Linear(LayerNorm(}_, ag; @ bg; )) z;; € R™

5: return {Z;;}

Cc Triangle multiplicative update Triangle multiplicative update Triangle self-attention around Triangle self-attention around
using ‘outgoing’ edges using ‘incoming’ edges starting node ending node
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Cheng.et al(2023); Science
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2. Learning conditioned amino acid distributions in sequence context using an

unsupervised protein language modeling task.
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Chengj.et al(2023); Science
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3. weak label learning, avoiding data loop/bias issues in previous

methods.

data loop/bias: traditional labeled data include human bias, and
may distort the true distribution of clinically relevant variants;
there may be "looping" between train and test datasets

Assumption: benign
mutations are frequently
observed, and pathogenic
mutations are never
observed in human;

Weight

02T

0.8 T

Primates:
® MAF > 1e-3, total 9.7e4

Humans:
® MAF > 2e-4, total 1.2e5
€ 1e-5 < MAF < 2e-4, total 1.1e6

sample from unobserved,
match counts of benign

benign pathogenic

Cheng.et al(2023); Science
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e Chronic Infections Detection

-Using big sequencing data to identify chronic SARS-Coronavirus-2
infections; 2024; Harari.et al; Nature Communication



w== HKU Musketeers Foundation

(22} Institute of Data Science

G ERAXSRALCESMBBNBHER

® Background:

1. The evolution of SARS-Coronavirus-2 has been characterized by

the periodic emergence of highly divergent variants. These

variants may have emerged during chronic infections of

immunocompromised individuals.

2. Limited data from these cases

Harari.et al(2024); Nature Communication
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® Task:

-> |dentify potential chronic infections

-> Infer chronic-associated mutations

-> Infer additional chronic-like clades in the absence of metadata
® Meaning:

-> Test the chronic infections hypothesis

-> Predict the future evolution

Harari.et al(2024); Nature Communication
B
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® |dentify potential chronic infections:

-Due to privacy issues, the data is not explicitly identified

-Chronically infected individuals display monophyletic clades

-Chronic infections share metadata (age/sex/location)

Result: T
chronic-

chronic-

"hey mined the SARS-CoV-2 p
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ike clades spanning over 21 ¢

ike clades

ays and inferred 271

Harari.et al(2024); Nature Communication
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Harari.et al(2024); Nature Communication
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® Use language models to capture the distinct mutational

patterns ex

nibited by chronic-like clades in comparison to

control clad

es

- “words” are mutations compared to the reference genome

sequence, 38,000 unique tokens in total e.g., S:D614G

Harari.et al(2024); Nature Communication
D 00
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® pre-training a BERT masked LM (using 10,646,407 sequences) and learned the conditional
probabilities associated with observing a specific mutation within various mutational contexts

that separated sequences into their respective Nextstrain clades
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Harari.et al(2024); Nature Communication
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® Fine-tuned pre-trained model to perform a classification task of
distinguishing cases from controls. Allowing changes only to the last

layer responsible for pooling and classification.

Harari.et al(2024); Nature Communication
B
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® g_vrnployed LIME (Local Interpretable Model-agnostic Explanations) to identify

the “words” that have the greatest impact on model predictions
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Harari.et al(2024); Nature Communication
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® Test prediction ability. What is ‘successful mutations’?
(i) strong convergence along the phylogenetic tree,
(ii) high global prevalence of the mutations,

(iii) high inferred fitness of mutation along transmission chains

Harari.et al(2024); Nature Communication
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®Popularity - High LIME score

11 RBD mutations have been
previously detected as undergoing

rampant convergent evolution.

Six of these eleven positions (55%)
were inferred with LIME

scores>0.05 in BA.1 or BA.2 chronic-

like clades.

b Convergent RBD mutations
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Harari.et al(2024); Nature Communication
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® High LIME score - Popularity

11 RBD mutations have been
previously detected as undergoing

rampant convergent evolution.

Six of these eleven positions (55%)
were inferred with LIME

scores>0.05 in BA.1 or BA.2 chronic-

like clades.

€ Chronic-like RBD mutations: future success

Chronic-like

% Max global

RBD mutations | prevalance Fitness Convergent
N460K/S 100 0.66-2.04 yes
S371F 94.4 -3.01 no
R3461/SIT 94.4 -0.08-1.88 yes
L368I 90 0.80 no
T478R 34 |.66 no
L452Q 31.1 0.73 yes
K356T 6.9 3.14 YEes
N450D 28 |.49 yes
K444N/R 2 0.90-2.15 yes
P330S 0.1 -0.097 no
E340A/D/K/IQ 0.1 0.36-2.12 no
P337S 0 -1.33 no
R357K 0 -0.27 no
L455S 0 1.20 no

High

LIME
score

Low

Harari.et al(2024); Nature Communication
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® Hypothesis: The periodic emergence of highly divergent

variants may have emerged during chronic infections

1. Chronic infections speed up the probability

'd BA.Z
and hence the rate of adaptive evolution. oz’ o
o E 0.6 0.6- X20
2. The probability of observing high-fitness RBD %E Zz Zz' _
= s Y ] £ X5
mutations was 10-20 times higher in chronic SE oo 0.0 al

n=5:5 n=65 n=325n=650 n=1,300 n=47 n=47 n=235 n=470 n=940
infections than in global transmission chains

Chronic-like mm Control

Harari.et al(2024); Nature Communication
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 Protein-protein Interaction Prediction

-Hierarchical graph learning for protein-protein interaction; 2023;
Gao.et al; Nature Communication
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® Background:

1. PPlis an important source of therapy interventions against

C
2. 1

Iseases

ne cost of experimentally validating PPls make it impossible to

C

naracterize most unknown PPls in wet laboratories

3. Inadequate in modeling the natural PPl hierarchy: not use

inside-protein information; overlook network properties

Gao.et al(2023); Nature Communication
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Gao.et al(2023); Nature Communication
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® Botom View: gb = (Vb, Ab, Xb), Vb:residues, Ab: adjacency matrix, Xb: Seven properties:
isoelectric point, polarity, acidity and alkalinity, hydrogen bond acceptor, hydrogen bond

donor, octanol-water partition coefficient, and topological polar surface area

® Top View: gt = (Vt, At, Xt), Vt:proteins, At: interactions, Xt: representation of protein from

bottom

® GNNExplainer returns the most important subgraph by maximizing the mutual

information between the model prediction and possible subgraphs.

Gao.et al(2023); Nature Communication
B



HKU Musketeers Foundation

Institute of Data Science

PP R ABELORESHBRBHER

Explainable

Ability

d Residue importance for binding surface

Real =

I

3

% 0.8
Learned - -0

(o)

Q.

E

1 1
= I
(&) o]

C Comparison of the real and learned importance

; — Leamed ]
4 = Real ’l M l“.
§ 0 _--_-f.“.’??’.‘?‘.d.9199‘1!?‘.".".’.9_5_"_’2‘35’__.ll':'-. ...... L
g_ fM ﬁ 1‘ A 'ﬁ. A \H\ r”M ' M |' l\“ul
£ 'uf|'.'"‘"}"'-'J"" |"\H ™ "\' " " "I ’ Vi | !
'lelﬂllllllillllllllllll L1 III
2 30 60

Residue

b Residue importance for catalytic sites

189I1-A, Mitogen-activated
protein kinase

1100-A, serinefthreonine
protein kinase

d Explainable ability (loU)
0.7
0.6

Explainable ability (loU)
o o
e (&}
}

o
w

CNN CNN+3D

Gao.et aI(2023); Nature Communication
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