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= Antibody development. Key to medical advancements, but antibodies User User Inputs: Outputs: Random Sampling (Baseline)
are very costly to develop, even in small amounts for testing. B ErERGE Candidate _Target Tra,n,ng Sample - [Passive selection: samples are added in fixed-size batches without model feedback.]
equences equences . _ o~ x
= Machine learning. Used to predict developability. Accurate models P ? Candidate  |v — ek A Unif ‘_’rm(X“"’“”?’ed) .
require a large, descriptive and high-quality training data. Most data sets Sequences Y= ﬁﬁiﬁiﬁ;ﬂﬁgggﬁ%ﬂiﬁf!::;'L?nr;e(rﬂ;caiﬁ]'nty + Locality)
are not publicly available and costly to create from scratch. | 1 ! | S Scoring function:  score(x) = uncertainty(x) + A - d(x, medoid)
Measuring 10K sequences = $1.5-58 milliontu Prototype " Sort Candidates for Target Selection rule:  X"= AT xeXyapieq MM SCOTE(X)
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= Generalization. Following R&D of one protein, it and nearby sequences Workflow [: : :] = Sequence Information Gain Hylbr'd Nel'g.hborhoc’d S.eleCt.'g" (IU"c.erta.'"tY - (EHJlogl DITEEiag,
. . . Using "Best" Method [Balances exploitation (uncertainty) with exploration (diversity)]
are well defined, howeyer this data mu§t then be used to generalize to ; | Scoring function:  score(x) = a - uncertainty(x) + B - d(x, Xrraqim)
the next unknown region. Beyond previous research, sequences are < | -
I the become available 2 [—Q\_/ [l_]_o Ll_l]_G ‘IL I— ———————————— I Selection rule: X = ar'gxexunlabled max score(x)
added randomly as they : ' < - Repeat for All Test sets Random sampling with dynamic learning, where the model iteratively selects

——Repeat, Exhaust Training Pool

the most informative new vs. 50 random points. At each step, it identifies
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Can we determine which protems

7 Y N | C@/J Grow Training Set uncertain predictions and uses clustering (e.g., KMeans or KMedoids) to ensure
o s O o pr—— > |/ o 1
if measured would result in the / Y Tl Preprocessmg_: Random or Experimental Method | the selected samples are also diverse and non-redundant. This leads to faster
* ./ - learning and better performance by focusing on data points that improve the
greatest Informatlon galn fOI‘ : T A Harvey Datal?! l model the most while covering different regions of the dataset. Diversity
the genera||2|ng model? e '. O\ R s >100K seq | determined using a combination of cosine similarity & LD.
misiten ) | FUTURE WORK
e 0 | I Test Set Stratification - . . _ _
g = : : : - = More Runs. For statistical validation. Model types. Selection methods. Verify
Representative Subsets ‘ e [ 4 combinations.
; 2 5K Train e | l K : = Parameter Variations. Allow user to enter features such as initial training set
| ' E T size and desired output size for result optimization.
~+ Pool | of 150 L B | l IR I { _ _ P . p _ _ o
M ETH O DO LOGY / ; J , g | | 13411 ‘ = Piecewise Methods. Combine methods in a piecewise schedule by initial
@ — ek Tt ™ ] l\ﬂ | I size and sequence additions.
ESM-2 Embeddings | Pool T RS = ML Selection. Create data frame of points added and run Information Gain
= Dataset. 134,302 unique nanobody sequences, categorized as low or SR T s Tssgeresies s e to as |.nput for z? ML model to identify deeper biological and structural
: : C re 2] selection criteria.
high polyreactive based on binding to a polyspecificity reagent. < S ¥
" Computational Experimental Design. Dry-lab simulation of experimental
data acquisition. Generate artificial ‘clusters’ of sequences to mimic real ETH ICS
initial data sets, then batch add remainders to examine information gain.
. . . ROC-AUC Learning Curves
> o o Levenstein Distance (L.D.) Matrix. AGPHQT Performance
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s o s Precalculated between all sequences within comparison of - = G Performance Delta Heatmap (baseline = Random) D
10K experimental subsets. Normalized. AAPHQT data selection =5 e Active (base""e)l lllll.llllllll. oo S Open Source  Low Cost  Healthcare  Transparency
= “Cluster” Generation. For a seed seq, a neighborhood strategies 2 Alternate - ll | ll . | 00 g ACKNOWLEDGEMENTS
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. . . (A) ROC-AUC learning curves. Over increasing training set sizes. Solid lines represent the mean performance other faculty of the Biocomputational Program who supported
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' (B) Delta heatmap. Difference in mean ROC-AUC relative to the Random control (A = method — Random).
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