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Protein engineering: from directed evolution to
computational design

Ge Qu*’, Tong Zhu®", Yingying Jiang*, Bian Wu?, and Zhoutong Sun*
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Abstract: By constructing mutant libraries and utilizing high-throughput screening methods, directed evolution has
emerged as the most popular strategy for protein design nowadays. In the past decade, taking advantages of computer
performance and algorithms, computer-assisted protein design has rapidly developed and become a powerful method of
protein engineering. Based on the simulation of protein structure and calculation of energy function, computational design
can alter the substrate specificity and improve the thermostability of enzymes, as well as de novo design of artificial enzymes
with expected functions. Recently, machine learning and other artificial intelligence technologies have also been applied to
computational protein engineering, resulting in a series of remarkable applications. Along the lines of protein engineering,
this paper reviews the progress and applications of computer-assisted protein design, and current trends and outlooks of the

development.
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Protein
engineering
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Fig. 1 Development of protein engineering.
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Fig. 2 The workflow of computer-assisted protein design.
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Table 1 Applications of computer-assisted de novo design of protein in the past decade

New proteins Programs Comments Reference
Retro-aldolase Rosetta Novel enzyme [41]
Kemp-eliminase Rosetta Novel enzyme [42]
bZIP-binding peptides CLASSY Specifically binding peptides [44]
Four-helix bundle SCADS Selectively binds two chromophores of [45]

Membrane protein PRIME

DPP-Zn

Dead End Elimination followed Two non-natural iron diphenylporphyrins [46]

by Monte Carlo sampling

Single-walled carbon nanotube coating with DEE/A*, MC/SA
hexameric coiled coil

Influenza hemagglutinin binder
Ankyrin-repeat-based Tyr-Tyr binding
between Prb and Pdar

Four helix bundle binding a ruthenium-zinc SCADS
abiological hyperpolarizable chromophore
Binder of the steroid digoxigenin
80-residue three-helix bundle
Water-soluble a-helical barrels

Rosetta
Rosetta

Rosetta
Rosetta

PoreWalker
Four-helix bundle MaDCaT, Ez
660-residue contractile sheath protein Rosetta

Ferredoxin-like folds and Rossmann2x2 folds Rosetta

Four-fold symmetric TIM-barrel protein Rosetta
Protein homo-oligomers Rosetta
Conformationally restricted peptides Rosetta

CovCore proteins Rosetta, TERM
Non-natural porphyrin binding protein PS1 Rosetta

22 660 mini-proteins of 37-43 residues Rosetta
Helical repeat proteins Rosetta
A fluorescenceactivating p-barrel Rosetta
Non-local -sheet protein Rosetta
Self-assembling helical filaments Rosetta

Interleukin-2 (IL-2) and interleukin-5 (IL-15) Rosetta

CCBuilder, SOCKET,

Carbon nanotube surface coating [47]
High-affinity protein binder [32]
A novel binding pair [48]
Binder of a abiological chromophore [49]
High-affinity and selectivity [50]
Antiparallel, untwisted bundles [51]
Pentameric, hexameric and heptameric [52]
a-helical barrels

TM transporter [53]
de novo model-building approach [54]
Control over overall shape and size [55]
Atomic-level accuracy [56]
Modular hydrogen-bond [57]
network-mediated specificity

New generation of peptide-based drugs [58]
Non-natural CovCore protein scaffolds [59]

Residues 20 A away from the binding site  [60]
were considered

Targeted influenza haemagglutinin and [61]
botulinum neurotoxin B

Unusually stable short-range interactions [62]
Design of small-molecule binding activity [63]

Accurate control over the structure and [64]
geometry

New multiscale metamaterials [65]
Superior therapeutic candidates [66]
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IR N, T AT AT

X e PR A 14 51 97061,
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=X e A DA % e T R 1 B AN I R e T RE
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based backbone statistical energy) HiE T X 2%k
R AT REMUY . BE—2E, 10 KRB T A
T 22 W 4% 58 3T AE & 00 ) SCUBA  (Sidechain
unspecialized backbone arrangement) #iAY, FE7E
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BT L FR T 0 (76 P4 S 100 £%, A
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VA BA U i Rosetta Design 5 i it 43 18 112
B 7 7 % KA SR B I M b E A TR, 45
B — RGN A, 4y HIRE R UL SRR . (E)-2-
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o o 2248 B AR KA Dick Janssen [ BA4E
T —Fis A SOk R T B E E LR FRESCO
% (Framework for rapid enzyme stabilization by
computational libraries), FERFEUT . HF5EE
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85 HETT ORI A BN SR R T S IR IIE
Fik | Al IS I 0 D s ik R S AT
PE, ik AR PR I R R
TR ZIN, ARAT IR R IR R ) 2
GEASATS ) s dE R O S R, TR
Fik . AL RS SR AR T 200 A4, HLG T
DR 2T 10% , il A9 s ol 3t B — e ] 42 7
20-35 “C4. Janssen [ A iz JT112 5 W% A S i 42 T
THFBS IR ALK AR e A
i A A M e O 2 b i G AR E P, LR LAY
B IR B AL YK i S AR, I A e Rl R A
50 CH#2F+% 85 C, 55 C T iy R WILE K 250 £,
PREAR TG P £ v 1 [ BT TS O B S g %) 7 AR E
53 AR B 32 FHl FRESCO SR, K —Fh oA R bk
B AR ST T 14 °C, BUGEERIEELE 70 C
TIN5 h B A LB A B T 10 £, M
R T ol A 7 4T R A,
24 ANILEeERAETERITHEINA

g TSR T 09 R R £ T DA K i i e 4R
A B, Y ET TR BEROR A AN K Ak o 7EN
T RESTE, HLESS#>) (Machine learning) © £
R RATENGE . EEIRS] . ARG F AR, HL
R R R R S Y e Ty kU Ak,
MLARF 2 6 N TR Re gl i I F A A i TR,
{uFE Frances H. Arnold . Manfred T. Reetz 455 ] i#F
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s JIob, SRR S BT (anaf e
P € N 1] ST N A L e A )
BRI RFRE . ) EUFE T A Se it O LAk
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PeRE R T EE T R ARiC g s E N
JRIGEBREEAE T HAT 2% | (035 AAIndex™ |
ProFETI®: , — HAREREC J5, HaefHLaes
BT 2 2 IR AR T DA IR B L Y H AR
BRI, FEXER (1SR S A TR A AL, e I 2 A
A5 AR (F 3).

AP ARE
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Greenx
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Fig. 3 The workflow of Machine learning guided
protein engineering. Green arrows depict the collection
of protein mutagenesis data; orange arrows show the
feature selection and learning; grey arrows display
rational design guided by the trained model.
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YE N TR R R HHOR , Hldese BT
KA R AT SR, 82 2% A B A B i o
M 2E2] SRIE X AL PR SR PSR . HLaR2E )
{45 3 Fh: 1) A WEB=:>] (Supervised learning),
] AL AL s B B L Bk g B 45 3R (R
P4, labels), mZiHEMA R EN (43,
classification) & ([21), regression) Tl ;
2) Wi B >] (Unsupervised learning), H #5318
LY S5 B4 i A 32 2 2R, & 15 B R R
(Clustering) 1% 2% 2] 25 55 3) F W& 2%
(Semi-supervised learning), HillZxEE—R =&
ARSI, Sy NTes R, T EAR
BT S R AT 7 K R Y SR R S S
DRI H A M 2 > 7 R 32 400 e A 3k 1B

H BT 8 A A AT AR — i (Y 2 ) Sk, Al LA
LT I 2 2 AT 55, R 2R 1 BT T e U
#2 NMFFIHESEARKRITEZA

SR R, B TAEE T LA S LT
3 W b xk 48y 23k T A A 0 B AT
B L AR M (Linear models) |
FEHLARPK (Random forests) . SZ £ [a] & HL (Support
vector machines). i #2 (Gaussian processes)
& L) Frances H. Arnold [ BA 3 #A Bicit — A AL &
XUNN4A NG (NOD) SRS #EvEm TAE i, Selm
W K R eh . PRI PSRy, BEMLAR RS
AL E NOD [ 7 IR IE PR AL BT, K
76% (S)-ee WIUHRAL AL TE 2 93% (S)-ee S S k%
E 79% (R)-ee™), WEAk, 2 512 T ILARK
LA # IR FEA I S E, wkEN
AR E T . AR TE T . X E RN | R
PENFTEVESEZ AT . WP AHER ), Hlass®
I RL R PR H o, A TSR B ) G L
A BT RE Y Pl

Table 2 Applications of machine learning-guided protein design

Algorithms Proteins Properties Reference
Halohydrin dehydrogenase Volumetric productivity [86-87]

Linear models  Proteinase K Activity, heat tolerance [88]
Glutathione transferase Catalytic activity [89-90]

Random forests Staphylococcal nuclease (Snase) Protein thermostability [91]
Prion protein and transthyretin Thermostability [92]

Support vector Cytochrqme P450 Them?ostabili.ty. [93]

machines An epoxide hydrolase (AnEH) Enantioselectivity [94]
Integral membrane proteins (IMP) that expresses Improving membrane protein expression [95]
in E. coli
Tumour suppressor protein p53 Thermostability [96]

. Cytochrome P450 Thermostability [97]

Gaussian .

Drocesses Green fluorescer.lt protein Fluoresgence o [98]
Channelrhodopsins Expression and localization [99]
Channelrhodopsins Light sensitivity [100]
RNA-binding proteins RNA binding sites/preference [101]
DNA-/RNA-binding proteins Sequence specificities [102]
DNA-binding proteins Sequence specificities [103]

Major histocompatibility complex
More than 7 000 proteins
Acrtificial neural Major histocompatibility complex

Binding affinity prediction (using CNN models) [104]
Ligand-binding sites prediction [105]
Binding affinity prediction (using RNN models) [106]

networks Thousands of proteins Protein solubility prediction [107]
10 paires of mesophilic and thermophilic proteins Protein stability [108]
Proteins in the latest UniProt releases Protein subcellular localization [109]
Thousands of proteins Secondary structure prediction [110]
698 UniProt families and 983 Gene Ontology classes Protein family/function prediction [111]
11 transmembrane proteins 3D structure prediction [112]

http://journals.im.ac.cn/cjbcn
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B T EiREGELER I T, A 2006 4ELA
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— AN 244, 4 2018 4 DeepMind 1 BAJT % 1
AlphaFold 7£ Critical
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M BORRRIE . BLE C A A B TR & W &%
(Convolutional neural networks, CNN) FIfE 2R #
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