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With the advancement of artificial intelligence and deep learning, culminating in the 2024 Nobel prize | """ e || “oa oo || 3 SoLPerl ﬁi‘am
in chemistry and ESM3-deisgned GFP, it 1s now possible to perform de novo protein design. This ~
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project leverages RFdiffusion and SolubleMPNN to conduct de novo design, then screened based on
structural confidence scores, solubility and fluorescence to select a small number of high-potential
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candidates solubility prediction

In this stage, we utilize three open-source protein solubility model (DeepSolNet,
PLM Sol and FGNN Sol) to predict the solubility, setting the criteria of > 0.60.
Subsequently, we construct our own fluorescence prediction model to benchmark all
the candidates against the original mRFP1. Lastly, only few candidates past through
all the stages, then validated via wet-lab experiment.

2. Leader & Linker Modulations Explore Optimistic Combinations
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* TM-score: Global structural similarity relative to the template. (.
 pLDDT: Local confidence and conformational stability.
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3. Fluorescence Prediction Model Construction
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Baseline Model Construction ESM2-LoRA Refined Model 63 12000
Dataset (870 RFPs from FPbase) Input Amino acids sequence 48 8000
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— cspp || Chromophore E B0015 backbone, expressed via E. coli. The fluorescence analysis was examined by
| Environmenet ESM2-650M + LoRA adapter excitation-emission metrices (EEM)
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. inear (1280 - 256) with deep-learning frameworks to assist the de novo design red
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. . | ReLU v Experimental Findings: The top-ranked design was successfully
Dmup;‘[ﬂ 0.1) expressed 1n E. coli but exhibited no detectable fluorescence.
Regressor (ExtraTrees) ' . . .
v v Future Work: By incorporating robust geometric and structural
' \ ' Hinear (i% ~ D validation tools, aiming to overcome maturation bottlenecks and generate
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peaman functional red fluorescent proteins.
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| Acknowledgement
Property One-hot PCA ESM2 Chromophore env. ESM2-LoRA Thi L - 1 b National Sci i Technology C — Do
.. 1S WOrk 1S Tinancially supported by National dScience and lechnology Council, laiwan. Project
+ -+ - +
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Stokes shift -0.022 +0.012 -0.135 +0.302
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