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Introduction - Team History:

From Genentech to Lawrence Berkeley National Lab, Bioscience Division

See appendix A
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We maintain a network of funders in the financial markets
along with a network of scientific collaborators and labs
with a multiomic focus on stressors related to:

- Tumor Microenvironment (TME)

- Brain extracellular matrix (ECM, matrisome)
- Exosomes

- Mitochondrial stress (cardiolipin)

- Muscle atrophy (atrogenes)

- Human aging
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Organization:

‘ Data Engineering ‘ ‘ Language Modeling ‘ ‘ Multiomic ‘ ‘ Cellular Biology

‘ AI/ML modeling
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Our goal:

To investigate countermeasures associated to diseases related to stressors
during spaceflight which can double as therapies resulting in precision medicine
for all humankind
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How?

By using scientific data engineering pipelines that leverage language models
trained to detect hidden relationships between genes, proteins, pathways, drug
compounds, molecular sequences and signatures
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How?

- Deep knowledge domain expertise
- Human-in-the-loop curation
- Experimental validation
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Al/ML Operations Accelerate Today’s Research Efforts
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Language Models Represent the Tip-of-the-Spear in
Today’s AlI/ML operations
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Language Models Applied to:

Ancient Human Language

“Restoring and attributing ancient texts using deep neural networks”

“Epigraphy is the study of texts—inscriptions—written directly on
durable materials (stone, pottery, metal) by individuals, groups and
institutions of the ancient world. Thousands of inscriptions have
survived to our time, but many have been damaged over the centuries
and their texts are now fragmentary.”

Fig. 1: Restoration of a damaged inscription.

GENTONE KEKPOMNIOMEAAN
A JEA A NEZBAAENEANAE
ALEIAOSEXSEN JANME X
| MIAGI: TASH 5T

K SMEHEXENOIKE/ATA 0
EAH-L EYE;OAIEANAETI4TQ
LOAIHEKATONAP E5YKA I TO%d:
FIEYOYNE4LOAI HE K/ Ef |: TADO 5 4
--=-=TO | HEKAT, E I TO4TAM
AEIZONTPI4TO QZOPAlE ASHENA

» o= s 2

MEPAS 4

This inscription (inscriptiones Graecae, volume 1, edition 3, document 4, face B (/G 1> 4B)) records a
decree concerning the Acropolis of Athens and dates to 485/4 BC. Marsyas, Epigraphic Museum,
WikiMedia CCBY 2.5.

Nature (2022): https://www.nature.com/articles/s41586-022-04448-z

“For each inscription, the input of the model consists of (1) a
sequence of character embeddings (real-valued vectors, each
representing the character of the alphabet that occurs at the
corresponding position of the inscription); (2) an equally long
sequence of word embeddings (real-valued vectors, each
representing the vocabulary word at the corresponding character
position of the inscription; Fig. 2); and (3) positional embeddings (also
real-valued vectors, each representing a position of the input
sequence). The first two kinds of embeddings are randomly initialized
and learned when training Ithaca (via backpropagation). The
positional embeddings are also trainable.”

Fig. 2: Ithaca’s architecture processing the phrase ‘Grjpo To adnvaiwv’ (‘the people of

Athens’).
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The first three characters of the phrase were hidden and their restoration is proposed. In tandem,

Ithaca also predicts the inscription’s region and date.


https://www.nature.com/articles/s41586-022-04448-z
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Language Models Applied to:

Human Language Associated to Genes, Proteins, Pathways, Compounds & Diseases
Static & Context-dependent Examples:

- Dictionaries

- Encyclopedias

- Ontologies

- Annotations

- Long/Short Descriptions
- ClinicalTrials.gov

- Drugbank.ca

- PubMed
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Language Models Applied to Non-Human Language
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Language Models Applied to:

Non-Human Language

2005: Lawrence Berkeley National Lab (LBNL):

"In certain embodiments using vectors, the vector space representation scheme uses variable length query object vectors.
The variable length vector may have a plurality of component values or elements that are determined based on relationships
between terms" https://www.google.com/patents/US7987191 - LBNL, K Franks, CA Myers, RM Podowski

2013: Google (Tomas Mikolov)

"Efficient Estimation of Word Representations in Vector Space"
https://arxiv.org/abs/1301.3781 - Google, Tomas Mikolov

2018: A. Vashwani

"Attention is all you need” -"We propose a new simple network architecture, the Transformer, based solely on attention
mechanisms, dispensing with recurrence and convolutions entirely. Experiments on two machine translation tasks show these
models to be superior in quality... An attention function can be described as mapping a query and a set of key-value pairs to
an output, where the query, keys, values, and output are all vectors." https://arxiv.org/pdf/1706.03762.pdf



https://www.google.com/patents/US7987191
https://arxiv.org/abs/1301.3781
https://arxiv.org/pdf/1706.03762.pdf
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Language Models Applied to:

Non-Human Language: Selected References

1. The lllustrated Transformer https://jalammar.qgithub.io/illustrated-transformer/

2. Transformers from scratch https://e2eml.school/transformers.html

3. Word Embeddings - also known as "vector representations” or "feature vectors" which can be applied to any sequence of
objects including any molecular sequences: https://lena-voita.qgithub.io/nlp_course/word_embeddings.html

4. Using deep learning to annotate the protein universe https://www.nature.com/articles/s41587-021-01179-w.epdf
Sup: https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html

5. Learning the molecular grammar of protein condensates from sequence determinants and embeddings - Proceedings of
the National Academy of Sciences Apr 2021, 118 (15) e2019053118;
https://www.pnas.org/content/118/15/e2019053118



https://jalammar.github.io/illustrated-transformer/
https://e2eml.school/transformers.html
https://lena-voita.github.io/nlp_course/word_embeddings.html
https://www.nature.com/articles/s41587-021-01179-w.epdf
https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html
https://www.pnas.org/content/118/15/e2019053118
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Language Models Applied to:

Non-Human Language: Selected References (continued)

6. An introduction to sequence similarity (*homology") searching - Curr Protoc Bioinformatics. 2013;Chapter 3:Unit3.1.
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/

7. DNA sequences performs as natural language processing by exploiting deep learning algorithm for the identification of N4-
methylcytosine Sci Rep 11, 212 (2021). https://www.nature.com/articles/s41598-020-80430-x

8. De Novo Molecular Design with Chemical Language Models - Methods Mol Biol. 2022;2390:207-232. doi: 10.1007/978-1-
0716-1787-8_9. https://pubmed.ncbi.nim.nih.gov/34731471/

9. Single-sequence protein structure prediction using language models from deep learning bioRxiv 2021.08.02.454840;
https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1

10. ProGen2: Exploring the Boundaries of Protein Language Models https://arxiv.org/abs/2206.13517

11. Protein—protein interaction and non-interaction predictions using gene sequence natural vectors
https://www.nature.com/articles/s42003-022-03617-0



https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/
https://www.nature.com/articles/s41598-020-80430-x
https://pubmed.ncbi.nlm.nih.gov/34731471/
https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1
https://arxiv.org/abs/2206.13517
https://www.nature.com/articles/s42003-022-03617-0
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Language Models Applied to:

Non-Human Language: Applications
AlphaFold 2 and variants

At the heart of AlphaFold 2's “breakthrough” in predicting
the way a protein folds based on a sequence of amino acids
is the core of language modeling, the Transformer and Multi-
head Attention encoder/decoder stack powered by vector
representations (embeddings).
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Language Models Applied to:

Non-Human Language: Applications

Molecular sequences

Oxoford Protein Informatics Group: “AlphaFold 2 is here: what's behind the

structure prediction miracle”

Once our MSA and templates are in the correct "embedding space”, it is time for the Evoformer
to work its magic. To understand the Evoformer, you first need to be familiar with the hottest
deep learning architecture to date: the transformer. There is no shortage of material explaining
this architecture, and quite frankly, many if not most will be better than mine. If you are inter-

ested in an in-depth analysis, | would recommend The [llustrated Transformer, by Jay Alammar.

The transformer architecture was introduced in 2017 by a team at Google Brain, in a paper enti-
tled "Attention Is all you need”. As you will probably imagine from the conspicuous title, the key

ingredient is a novel mechanism called attention. The objective of attention is to identify which
parts of the input are more important for the objective of the neural network. In other words, to

identify which parts of the input it should pay attention to.

Oxford Protein Informatics Group (2021):
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/

Complicated as this may sound, itis in fact very simple. You just need to define a layer of neu-
rons that receives the discrete input and outputs some continuous vector. The embedding may
be pretrained, as used to be common in natural language processing (NLP), but more com-
monly it Is trained alongside whatever objective we are trying to learn. In AlphaFold 2, the em-
beddings are vanilla dense neural networks.
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Visualization of the Word2Vec embedding. We selected the word “protein” and marked a number of words that show

high similarity. This image was created using the TensorFow Embedding Prajector.


https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/
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Language Models Applied to:

Non-Human Language: Applications

BERT, GPT-3, DALL-E...

Transformer models: an introduction
and catalog—2022 Edition

July 19, 2022 - (© 28 minute read
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Transformer models: an introduction and catalog—2022 Edition
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/
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https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#albert
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BART
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BERT
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BIGBIRD
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#BLOOM
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CHINCHILLA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CLIP
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#CTRL
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DALLE2
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DECISION
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#DECISION
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https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ELECTRA
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#ERNIE
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#FLAMINGO
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/
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https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#T5
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/#TRAJECTORY
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How can scientific data engineering pipelines & language
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?
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1. Every 24hrs about 4000 new papers are submitted to
National Library of Medicine's PubMed*

- About 1500 of those are new submissions
- The remaining are modifications or retractions
- Results include real-time correlation matrix datasets

https://dev.vectorspace.ai:4000

*This is just one of the world’s scientific literature repositories.


https://dev.vectorspace.ai:4000/
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How can scientific data engineering pipelines & language
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?
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2. Genes, proteins, pathways, compounds & molecular
seqguences can be represented by
feature vectors (embeddings) resulting in:

- Similarity measurements between proteins, compounds & sequences

- Detection of hidden relationships between proteins, compounds & sequences
- Extraction of relationships between genes, proteins, pathways, compounds &
sequences, before they are published...

Protein—protein interaction and non-interaction predictions using gene sequence natural vector
Nan Zhao, Maji Zhuo, Kun Tian & Xingi Gong - https://www.nature.com/articles/s42003-022-03617-0



https://www.nature.com/articles/s42003-022-03617-0
https://www.nature.com/articles/s42003-022-03617-0
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Convergence between PARP1 and NFATS
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1. 13 Atrogenes were analyzed: Actn2, Cacngl, Emc7,
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rackl, Rpl4, Smpx,
Smyd1, Trim63 extracted from “Transcriptome analysis
of gravitational effects on mouse skeletal muscles under
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4

2. 206233 Unique papers from PubMed between years
2010 - 2015

3. 158285 Papers from PubMed from 2016 - 2021

4. 12903 Unigue human proteins from 2010 - 2015

5. 834969 Co-publications were processed 834969 from
2010 - 2015

6. 814407 Co-publications were processed 814407 from
2016 - 2021

8. 395 Implicit interactions from 2010 - 2015 between
atrogene and human protein

7. 547217 Explicit interactions from 2016 - 2021
between atrogene and human protein

9. 88 Implicit interactions measuring distance and direct
connection between vector representations using
PubMed abstracts from 2010 - 2015. Protein pairs were
selected based on their correlation scores by comparing
vector representations (embeddings) for increased
similarity over time

Results showing the detection of a hidden relationship using language modeling when measuring feature vectors (embeddings) for similarity between atrogenes
(muscle atrophy genes associated to the stressor of microgravity), PARP1 and NFAT5. The relationship converges over time (2010 to 2015), as literature is
analyzed in real-time. This enables the prediction of a future or latent relationship between proteins, until the relationship is made explicit or published.

1. PMID:28485155 2. An Integrative Network Science and Artificial Intelligence Drug Repurposing Approach for Muscle Atrophy in Spaceflight Microgravity


https://pubmed.ncbi.nlm.nih.gov/28485155/
https://www.frontiersin.org/articles/10.3389/fcell.2021.732370/full
https://www.nature.com/articles/s41598-021-88392-4
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Convergence between TF and NFATS

Transcription Factor MFATS
Promotes Migration and Imvasion of
Rheumatoid Synoviocytes via
25794013 |Coagulation Factor |l and CCL2.

2018-05-26

1. 13 Atrogenes were analyzed: Actn2, Cacngl, Emc7,
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rackl, Rpl4, Smpx,
Smyd1, Trim63 extracted from “Transcriptome analysis
of gravitational effects on mouse skeletal muscles under
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4

2. 206233 Unique papers from PubMed between years
2010 - 2015

3. 158285 Papers from PubMed from 2016 - 2021

4. 12903 Unigue human proteins from 2010 - 2015

5. 834969 Co-publications were processed 834969 from
2010 - 2015

6. 814407 Co-publications were processed 814407 from
2016 - 2021

8. 395 Implicit interactions from 2010 - 2015 between
atrogene and human protein

7. 547217 Explicit interactions from 2016 - 2021
between atrogene and human protein

9. 88 Implicit interactions measuring distance and direct
connection between vector representations using
PubMed abstracts from 2010 - 2015. Protein pairs were
selected based on their correlation scores by comparing
vector representations (embeddings) for increased
similarity over time

(continued) convergence between TF and NFAT5 based on measuring similarity between feature vectors (embeddings) between 2010 and 2015.

PMID: 29794013


https://pubmed.ncbi.nlm.nih.gov/29794013/
https://www.nature.com/articles/s41598-021-88392-4
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How can scientific data engineering pipelines & language
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?
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3. Scientific data engineering pipelines using language
models result in context-dependent protein, compound &
sequence:

- Networks beyond Knowledge Graphs

- Networks with hidden relationships

- Networks which change based on user-defined context
- Networks with real-time data

https://vectorspacebio.science/demo


https://vectorspacebio.science/demo

Using Vector Representations (embeddings) to Detect Hidden Relationships
Between Proteins, Compounds, Diseases & Molecular Sequences

Using a combination of “frame semantics”, features can be engineered to represent unique ‘frames’ or current input
windows. During the language modeling process, a feature vectors will be constructed representing frames. Another
word for ‘frame’ might be ‘window’, ‘window frame’, ‘full text document’, ‘abstract’, set of k-mers or set of molecular
sequences in different machine learning contexts. A full-text paper, document or window frame can be represented by
a vector as in the case with Doc2Vec.

Measurements are made between two genes, proteins, drug compounds, diseases or sequences to determine direct
mappings within a frame or graph network generated from their correlation matrix dataset.

A) If they’re directly mapped, this means they’ve existed in the same ‘frame’, during the generation of input files for a
language model and share an explicit or ‘known relationship’, meaning they’ve shown up together in the same
paper, document or set.

B) If not directly mapped, it can be defined as an implicit or hidden relationship as they will not be directly mapped
in a vector space which indicates they’ve never shown up together in the same paper, document or set.


https://en.wikipedia.org/wiki/Frame_semantics_(linguistics)
https://arxiv.org/abs/1607.05368
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How can scientific data engineering pipelines & language
models accelerate the generation of:

a) New hypotheses?
b) New insights & interpretations?
c) New discoveries?
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4. Accelerated drug repurposing, therapeutic target
discovery & nutrigenomic cocktail development which
translate to:

- Countermeasures for diseases associated to stressors

- Fanconi's anemia: A case study in language modeling applied to biomedical
data resulting in a form of precision medicine (see supplemental section).

- Precision medicine for all humankind



V VECTOR SPACE BIOSCIENCES

Conclusion:

- Language models represent the tip-of-the spear in today's AI/ML development which has accelerated
research related from deciphering ancient inscriptions to predicting the way a protein folds.

- Scientific data engineering pipelines can produce correlation matrix datasets. These can be used to predict a
future explicit relationships between atrogenes (muscle atrophy genes connected to the stressor of
microgravity) by detecting hidden relationships using vector representations of proteins observed over time.

- Correlation matrix datasets can be converted to graph and relationship networks which can be used to
explore hidden relationships between proteins, compounds and diseases in the context of muscle atrophy
genes.

- Language models can be used to accelerate the generation of new hypotheses, innovations and discoveries
in the context of countermeasures for diseases associated to stressors during spaceflight.

- What if Fanconi’s anemia were a stressor during spaceflight? We'd have ourselves a countermeasure that
would double as form of precision medicine benefiting all humankind.
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Our group, including partners in the financial markets, continue to fund
operations in space biosciences.

For more information, please contact us at support@vectorspacebio.science
or kasian@vectorspacebio.science or through out site at
https://vectorspacebio.science
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A view Iinside a scientific data engineering pipeline
designed to leverage language models

Sections:
1. Input
2. Output
3. Model Training
4. Results



Fanconi’'s anemia: A case study in language modeling applied to biomedical knowledge in the context of a rare disease

The responsible genes identified are FANCA (65% of cases), FANCB (also known as BRCA2 , known tumor suppressor gene related to gynecological and
colon carcinomas, twin of BRCA1 related to forms of breast cancer with familial predisposition), FANCC (15% of cases), FANCD1 , FANCD2 , FANCE,

FANCF , FANCG (10% of cases), FANCI, FANCJ , FANCL , FANCM and

1. Fanconi’'s anemia patients have problems metabolizing reactive aldehydes.

FANCN.

2. Reactive aldehydes have been demonstrated to cause specific genotoxic injury, namely DNA

interstrand cross-links.

3. Aldehyde dehydrogenase 2 (ALDH2) is localized in mitochondria and is essential for the
metabolism of acetaldehyde, thereby placing it directly downstream of ethanol metabolism.

4. Deficiency in ALDH2 expression and function are caused by a single nucleotide substitution and

resulting amino acid change, called ALDH2*2.

5. An “unexpected interrelationship” exists between aldehydes, ALDH2 and hematopoietic s
biology, and in particular its relationship to Fanconi anemia.

6. Xylitol, a chemical compound also used in chewing gum, inhibits alcohol dehydrogenase.
7. Alcohol dehydrogenase produces reactive aldehydes.

8. Reactive aldehydes cause double stranded breaks in DNA.

9. Fanconi anemia patients have difficulty in repairing double stranded breaks in DNA.

10. Xylitol may prevent metastatic cancer in patients with Fanconis anemia.

References:

- Aldehyde Dehydrogenase 2 in Aplastic Anemia. Fanconi Anemia and Hematopoietic Stem Cells
- Fanconi anemia: young patients at high risk for squamous cell carcinoma

- Xylitol inhibits carcinogenic acetaldehyde production by Candida species

- Fanconi's anemia

- The Algorithm For Precision Medicine
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. Input: Human Language

Resulting NFATS (atrogene) description-based input file:

root@ip-172-31-17-210: /homejtuatara/TuataraServer/TuataraDev/DocumentModules/mod_ai-uniprot/data_frames Q = = m] x
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. Input: Non-Human Language, molecular sequences

Resulting NFATS (atrogene) sequence-based input file:

root@ip-172-31-17-210: /home/tuatara/TuataraServer/TuataraDev/DocumentModules/mod_ai-uniprot Q = = m] x




1. Input:

Data Acquisition & Preprocessing

1.1 Human Language Associated to Genes, Proteins, Pathways, Compounds & Diseases
1.1.1 Static & Context-dependent Examples:

- Dictionaries

- Encyclopedias

- Ontologies

- Annotations & Descriptions
- ClinicalTrials.gov

- Drugbank.ca

- PubMed
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Language Models Applied to:

Ancient Human Language

“Restoring and attributing ancient texts using deep neural networks”

“Epigraphy is the study of texts—inscriptions—written directly on
durable materials (stone, pottery, metal) by individuals, groups and
institutions of the ancient world. Thousands of inscriptions have
survived to our time, but many have been damaged over the centuries
and their texts are now fragmentary.”

Fig. 1: Restoration of a damaged inscription.

GENTONE KEKPOMNIOMEAAN
A JEA A NEZBAAENEANAE
ALEIAOSEXSEN JANME X
| MIAGI: TASH 5T

K SMEHEXENOIKE/ATA 0
EAH-L EYE;OAIEANAETI4TQ
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FIEYOYNE4LOAI HE K/ Ef |: TADO 5 4
--=-=TO | HEKAT, E I TO4TAM
AEIZONTPI4TO QZOPAlE ASHENA

» o= s 2

MEPAS 4

This inscription (inscriptiones Graecae, volume 1, edition 3, document 4, face B (/G 1> 4B)) records a
decree concerning the Acropolis of Athens and dates to 485/4 BC. Marsyas, Epigraphic Museum,
WikiMedia CCBY 2.5.

Nature (2022): https://www.nature.com/articles/s41586-022-04448-z

“For each inscription, the input of the model consists of (1) a
sequence of character embeddings (real-valued vectors, each
representing the character of the alphabet that occurs at the
corresponding position of the inscription); (2) an equally long
sequence of word embeddings (real-valued vectors, each
representing the vocabulary word at the corresponding character
position of the inscription; Fig. 2); and (3) positional embeddings (also
real-valued vectors, each representing a position of the input
sequence). The first two kinds of embeddings are randomly initialized
and learned when training Ithaca (via backpropagation). The
positional embeddings are also trainable.”

Fig. 2: Ithaca’s architecture processing the phrase ‘Grjpo To adnvaiwv’ (‘the people of

Athens’).

Inputs
Characters - - = o T|0 o0 n|v|ja|L]|wo]|V
Words [unk] 10 afnvoioy
Positional
Torso 7 information
Bx ¥
Sparse multihead | _
attention
Outputs Task heads

Feedforward -— " Add and normalize

Restoraton & 1 u

Region I Is < | Feedforward | < Feedforward
— '
Date -— Foodforward | «— Add and normalize |«

The first three characters of the phrase were hidden and their restoration is proposed. In tandem,

Ithaca also predicts the inscription’s region and date.


https://www.nature.com/articles/s41586-022-04448-z

1. Input: (continued)
Data Acquisition & Preprocessing

1.3 Non-Human Language: Modeling Input Data Throughout the Ages

2005: Lawrence Berkeley National Lab (LBNL):

"In certain embodiments using vectors, the vector space representation scheme uses variable length query object vectors.
The variable length vector may have a plurality of component values or elements that are determined based on relationships
between terms"

https://www.google.com/patents/US7987191 - LBNL, K Franks, CA Myers, RM Podowski

2013: Google (Tomas Mikolov)

"Efficient Estimation of Word Representations in Vector Space"
https://arxiv.org/abs/1301.3781 - Google, Tomas Mikolov

2018: A. Vashwani

"Attention is all you need” -"We propose a new simple network architecture, the Transformer, based solely on attention
mechanisms, dispensing with recurrence and convolutions entirely. Experiments on two machine translation tasks show these
models to be superior in quality... An attention function can be described as mapping a query and a set of key-value pairs to
an output, where the query, keys, values, and output are all vectors." https://arxiv.org/pdf/1706.03762.pdf



https://www.google.com/patents/US7987191
https://arxiv.org/abs/1301.3781
https://arxiv.org/pdf/1706.03762.pdf

1. Input: (continued)
Data Acquisition & Preprocessing

1.4 Non-Human Language: Selected References

1. The lllustrated Transformer https://jalammar.qgithub.io/illustrated-transformer/

2. Transformers from scratch https://e2eml.school/transformers.html

3. Word Embeddings - also known as "vector representations” or "feature vectors" which can be applied to any sequence of
objects including any molecular sequences: https://lena-voita.qgithub.io/nlp_course/word_embeddings.html

4. Using deep learning to annotate the protein universe https://www.nature.com/articles/s41587-021-01179-w.epdf
Sup: https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html

5. Learning the molecular grammar of protein condensates from sequence determinants and embeddings - Proceedings of
the National Academy of Sciences Apr 2021, 118 (15) e2019053118; DOI: 10.1073/pnas.2019053118
https://www.pnas.org/content/118/15/e2019053118



https://jalammar.github.io/illustrated-transformer/
https://e2eml.school/transformers.html
https://lena-voita.github.io/nlp_course/word_embeddings.html
https://www.nature.com/articles/s41587-021-01179-w.epdf
https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html
https://www.pnas.org/content/118/15/e2019053118

1. Input: (continued)
Data Acquisition & Preprocessing

1.4 Non-Human Language: Selected References (continued)

6. An introduction to sequence similarity ("homology") searching - Curr Protoc Bioinformatics. 2013;Chapter 3:Unit3.1.
doi:10.1002/0471250953.bi0301s42 https://www.ncbi.nim.nih.gov/pmc/articles/PMC3820096/

7. DNA sequences performs as natural language processing by exploiting deep learning algorithm for the identification of N4-
methylcytosine Sci Rep 11, 212 (2021). https://doi.org/10.1038/s41598-020-80430-x

https://www.nature.com/articles/s41598-020-80430-x

8. De Novo Molecular Design with Chemical Language Models - Methods Mol Biol. 2022;2390:207-232. doi: 10.1007/978-1-
0716-1787-8_9. PMID: 34731471. https://[pubmed.ncbi.nlm.nih.gov/34731471/

9. Single-sequence protein structure prediction using language models from deep learning bioRxiv 2021.08.02.454840; doi:
https://doi.org/10.1101/2021.08.02.454840 https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1

10. ProGen2: Exploring the Boundaries of Protein Language Models https://arxiv.org/abs/2206.13517

11. Protein—protein interaction and non-interaction predictions using gene sequence natural vectors
https://www.nature.com/articles/s42003-022-03617-0



https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/
https://doi.org/10.1038/s41598-020-80430-x
https://www.nature.com/articles/s41598-020-80430-x
https://pubmed.ncbi.nlm.nih.gov/34731471/
https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1
https://arxiv.org/abs/2206.13517
https://www.nature.com/articles/s42003-022-03617-0

1. Input: (continued)
Data Acquisition & Preprocessing

1.5 Non-Human Language: Applications

1.5.1 AlphaFold 2 and variants

At the heart of AlphaFold 2's “breakthrough” in predicting
the way a protein folds based on a sequence of amino acids
is the core of language modeling, the Transformer and Multi-
head Attention encoder/decoder stack powered by vector
representations (embeddings).
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Language Models Applied to:

1.5.1 Non-Human Language: Applications

1.5.2 Molecular sequences

Oxoford Protein Informatics Group: “AlphaFold 2 is here: what's behind the

structure prediction miracle”

Once our MSA and templates are in the correct "embedding space”, it is time for the Evoformer
to work its magic. To understand the Evoformer, you first need to be familiar with the hottest
deep learning architecture to date: the transformer. There is no shortage of material explaining
this architecture, and quite frankly, many if not most will be better than mine. If you are inter-

ested in an in-depth analysis, | would recommend The [llustrated Transformer, by Jay Alammar.

The transformer architecture was introduced in 2017 by a team at Google Brain, in a paper enti-
tled "Attention Is all you need”. As you will probably imagine from the conspicuous title, the key

ingredient is a novel mechanism called attention. The objective of attention is to identify which
parts of the input are more important for the objective of the neural network. In other words, to

identify which parts of the input it should pay attention to.

Oxford Protein Informatics Group (2021):
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/

Complicated as this may sound, itis in fact very simple. You just need to define a layer of neu-
rons that receives the discrete input and outputs some continuous vector. The embedding may
be pretrained, as used to be common in natural language processing (NLP), but more com-
monly it Is trained alongside whatever objective we are trying to learn. In AlphaFold 2, the em-
beddings are vanilla dense neural networks.
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Visualization of the Word2Vec embedding. We selected the word “protein” and marked a number of words that show

high similarity. This image was created using the TensorFow Embedding Prajector.


https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/

1. Input: (continued)

Data Acquisition & Preprocessing

1.5 Non-Human Language: Applications

1.5.3 BERT, GPT-3, DALL-E...

Transformer models: an introduction
and catalog—2022 Edition

July 19, 2022 « (® 28 minute read

TRANGES |
FORMERS \o = A

Transformer models: an introduction and catalog—2022 Edition
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/
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1. Input: (continued)

Data Acquisition & Preprocessing

1.6 Real-time

Every 24hrs, we measure ~4k papers are submitted to PubMed with ~1500 new
submissions with the remaining being modifications and retractions

Key point: A series of new papers can impact a correlation score between two
proteins or proteins and compounds

Live build log: https://dev.vectorspace.ai:4000



https://dev.vectorspace.ai:4000/

1. Input: (continued)
Data Acquisition & Preprocessing

1.7 Any data can be preprocessed and used as input data to language models

Key point: Data sources can be ensembled and combined in different
configurations to increase signal



2. Model training: Human Language

Resulting NFATS5 (atrogene) feature vectors (embeddings):




2. Model training: Non-Human Language, molecular sequences

Resulting NFAT5 (atrogene) sequence-based feature vectors (embeddings):
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2. Model training:

Opt|m|ze via Ensembles Transformer-based Language Models:
BERT GLaM Pegasus
. Big Bird GLIDE RoBERTa
2.1 Leveraging Ensembles e
DALL-E GPT-Neo Trajectory Transformers
2.1.1 Language models can be ensembled for imagen TG NIG
increased precision or to fit to a particular DislBERT LAMDA w20
domain e.g. protein interaction modeling e Mt -
. Flamingo MT-NLG
or drug repurposing.
2.1.2 Different distance calculations can result in
different similarity measurements between two
vector representations of a protein or drug
compound.
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2. Model training: (continued)
Optimize via Context

2.2 Context-dependent Modeling

2.2.1 Feature vectors (embeddings) can be used to control context



. Model training: (continued)
From Feature Vectors to Correlation Matrix Datasets

2.3 Feature vectors are extracted and transformed into correlation matrix datasets

F1 F2 F3 i i o i ” . Fn

Features l
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F2
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Fn

Feature vector normalized and transformed into Matrix R



. Output: Final Correlation Matrix Dataset in CSV format

Resulting correlation matrix datasets from feature vectors (embeddings):

[+1 root@ip-172-31-17-210: /home/tuatara/TuataraServer/TuataraDev/MetaBuilder/databases Q = = u} X




3. Output:

Correlation Matrix Datasets are Transformed from Feature Vectors (embeddings)
including types:

3.1 Static

3.2 Real-time

3.3 Context-dependent



4. Results:
Visualization & Data Interpretation

4.1 Static & real-time relationship networks

4.1.2 Key point: Correlation matrix datasets represent a vector space
which can be transformed into a graph network or relationship network
which may include advanced visualization (AR/XR) and external citations
validating strength and context of each node, represented by a protein,
compound, sequence, biochemical, pathway or biomechanical force in the
network.

4.1.3 Key point: Implicit or hidden relationships can be detected between proteins,
compounds, sequences, biochemicals, pathways or biomechanical forces by
interpreting data using visualizations showing relationships between these including
strength and context of the relationship over time and in real-time.

4.1.4 How can an implicit or hidden relationship be defined?



4. Results:

4.2 Using Vector Representations (embeddings) to Detect Hidden Relationships
Between Proteins, Compounds, Diseases & Molecular Sequences

Using a combination of “frame semantics”, features can be engineered to represent unique ‘frames’ or current input
windows. During the language modeling process, a feature vectors will be constructed representing frames. Another
word for ‘frame’ might be ‘window’, ‘window frame’, ‘full text document’, ‘abstract’, set of k-mers or set of molecular
sequences in different machine learning contexts. A full-text paper, document or window frame can be represented by
a vector as in the case with Doc2Vec.

Measurements are made between two genes, proteins, drug compounds, diseases or sequences to determine direct
mappings within a frame or graph network generated from their correlation matrix dataset.

A) If they’re directly mapped, this means they’ve existed in the same ‘frame’, during the generation of input files for a
language model and share an explicit or ‘known relationship’, meaning they’ve shown up together in the same
paper, document or set.

B) If not directly mapped, it can be defined as an implicit or hidden relationship as they will not be directly mapped
in a vector space which indicates they’ve never shown up together in the same paper, document or set.


https://en.wikipedia.org/wiki/Frame_semantics_(linguistics)
https://arxiv.org/abs/1607.05368

4. Results:

Practical Applications: Hidden Relationship Detection Between Proteins

A corpus driven approach applying the "frame
Frame 1 / semantic" method for modeling functional status
terminology

F rame 2 Alexander P Ruggieri 1, Serguei V Pakhomov, Christopher G Chute

Affiliations + expand
PMID: 15360850

F rame 3 \ Abstract

B In an effort to unearth semantic models that could prove Fruitful to functional-status terminology
development we applied the "frame semantic” method, derived from the linguistic theory of
thematic roles currently exemplified in the Berkeley “FrameNet” Project. Full descriptive sentences

H with functional-status conceptual meaning were derived from structured content within a corpus

of questionnaire assessment instruments commonly used in clinical practice For Functional-status

355ESEMENE, SYNTACLIC COMPONENTS IN LHOSE SENLENLES WETE Jelineated Lhrough manual annotation
and mark-up. The annotated syntactic constituents were tagged as frame elements according to
their semantic role within the context of the derived Functional-status expression. Through this
process generalizable "semantic frames” were elaborated with recurring "frame elements”. The

"frame semantic" method as an approach to rendering semantic models For Functional-status
terminology development and its use as a basis for machine recognition of Functional status data in
clinical narratives are discussed.




4. Results:

4.2 Using Vector Representations (embeddings) to Detect Hidden Relationships
Between Proteins, Compounds, Diseases & Molecular Sequences

Simple examples of implicit or hidden relationships:

A) Although two proteins may not be mentioned together in the same research paper, a well-defined
implicit relationship can exist between these two proteins based on language modeling. This
relationship can remain implicit or hidden in the literature until a researcher makes the connection.

B) Two proteins may exist in the same research paper, however, new relationships can be detected
based on changing context within a language model. These relationships can remain implicit or hidden
during the research process.

Key point: Scoring strength of a hidden relationship over time may predict a latent and explicit
relationship in the future between two proteins or compounds.



4. Results: (continued)

Practical Applications: Predicting a Future Relationship Between Two Proteins or a
Protein and a Drug Compound

4.3 Static & Real-time Relationship Networks

4.3.1 Scoring the strength of a hidden relationship over time may predict a latent
and explicit relationship in the future between two proteins or a protein, drug
compound, biochemical, sequence or micronutrient.

4.3.2 Prediction a future relationship between two atrogenes (muscle atrophy genes
related to the stressor of microgravity):

[ next slide ]
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1. 13 Atrogenes were analyzed: Actn2, Cacngl, Emc7,
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rackl, Rpl4, Smpx,
Smyd1, Trim63 extracted from “Transcriptome analysis
of gravitational effects on mouse skeletal muscles under
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4

2. 206233 Unique papers from PubMed between years
2010 - 2015

3. 158285 Papers from PubMed from 2016 - 2021

4. 12903 Unigue human proteins from 2010 - 2015

5. 834969 Co-publications were processed 834969 from
2010 - 2015

6. 814407 Co-publications were processed 814407 from
2016 - 2021

8. 395 Implicit interactions from 2010 - 2015 between
atrogene and human protein

7. 547217 Explicit interactions from 2016 - 2021
between atrogene and human protein

9. 88 Implicit interactions measuring distance and direct
connection between vector representations using
PubMed abstracts from 2010 - 2015. Protein pairs were
selected based on their correlation scores by comparing
vector representations (embeddings) for increased
similarity over time

Results showing the detection of a hidden relationship using language modeling when measuring feature vectors (embeddings) for similarity between atrogenes
(muscle atrophy genes associated to the stressor of microgravity), PARP1 and NFAT5. The relationship converges over time (2010 to 2015), as literature is
analyzed in real-time. This enables the prediction of a future or latent relationship between proteins, until the relationship is made explicit or published.

1. PMID:28485155 2. An Integrative Network Science and Artificial Intelligence Drug Repurposing Approach for Muscle Atrophy in Spaceflight Microgravity


https://pubmed.ncbi.nlm.nih.gov/28485155/
https://www.frontiersin.org/articles/10.3389/fcell.2021.732370/full
https://www.nature.com/articles/s41598-021-88392-4
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Convergence between TF and NFATS

Transcription Factor MFATS
Promotes Migration and Imvasion of
Rheumatoid Synoviocytes via
25794013 |Coagulation Factor |l and CCL2.
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1. 13 Atrogenes were analyzed: Actn2, Cacngl, Emc7,
Ldb3, Myf6, Myh4, Nfat5, Pdlim3, Rackl, Rpl4, Smpx,
Smyd1, Trim63 extracted from “Transcriptome analysis
of gravitational effects on mouse skeletal muscles under
microgravity and artificial 1 g onboard environment”
https://www.nature.com/articles/s41598-021-88392-4

2. 206233 Unique papers from PubMed between years
2010 - 2015

3. 158285 Papers from PubMed from 2016 - 2021

4. 12903 Unigue human proteins from 2010 - 2015

5. 834969 Co-publications were processed 834969 from
2010 - 2015

6. 814407 Co-publications were processed 814407 from
2016 - 2021

8. 395 Implicit interactions from 2010 - 2015 between
atrogene and human protein

7. 547217 Explicit interactions from 2016 - 2021
between atrogene and human protein

9. 88 Implicit interactions measuring distance and direct
connection between vector representations using
PubMed abstracts from 2010 - 2015. Protein pairs were
selected based on their correlation scores by comparing
vector representations (embeddings) for increased
similarity over time

(continued) convergence between TF and NFAT5 based on measuring similarity between feature vectors (embeddings) between 2010 and 2015.

PMID: 29794013


https://pubmed.ncbi.nlm.nih.gov/29794013/
https://www.nature.com/articles/s41598-021-88392-4

4. Results: (continued)
Practical Applications:

4.4 Static & Real-time Relationship Networks

4.4.1 Extraction of a hidden relationship
between proteins or a protein and drug
compound

Query: NFATS5 (atrogene)
Context dependency: None

https://proteins.vectorspace.ai/network
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https://proteins.vectorspace.ai/network

4. Results: (continued)

Practical Applications: Context-dependent Relationship Extraction Between Two or
More Proteins or Drug Compounds

4.5 Context-dependent results

Context can significantly change relationships in a correlation matrix dataset and
resulting relationship network:

[ next slide ]



4. Results: (continued)
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4. Results: (continued)

Practical Applications

4.6 Developing Countermeasures for Stressors

4.6.1 Drug repurposing and nutrigenomic cocktails
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https://www.nature.com/subjects/nutrigenomics

4. Results: (continued)

4.7 From human-in-the-loop curation to experimental validation



Conclusion:

- Language models represent the tip-of-the spear in today's AI/ML development which has accelerated
research related from deciphering ancient inscriptions to predicting the way a protein folds.

- Scientific data engineering pipelines can produce correlation matrix datasets. These can be used to predict a
future explicit relationships between atrogenes (muscle atrophy genes connected to the stressor of
microgravity) by detecting hidden relationships using vector representations of proteins observed over time.

- Correlation matrix datasets can be converted to graph and relationship networks which can be used to
explore hidden relationships between proteins, compounds and diseases in the context of muscle atrophy
genes.

- Language models can be used to accelerate the generation of new hypotheses, innovations and discoveries
in the context of countermeasures for diseases associated to stressors during spaceflight.

- What if Fanconi’s anemia were a stressor during spaceflight? We'd have ourselves a countermeasure that
would double as form of precision medicine benefiting all humankind.



v VECTOR SPACE BIOSCIENCES

Our group, including partners in the financial markets, continue to fund
operations in space biosciences.

For more information, please contact us at support@vectorspacebio.science
or kasian@vectorspacebio.science or through out site at
https://vectorspacebio.science
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14. AlphaFold 2 is here: what'’s behind the structure prediction miracle - Carlos Outeiral Rubiera -
Oxford Protein Informatics Group (2021)

https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracl
el

15. Transformer models: an introduction and catalog- 2022 Edition - Xavier Amatriain -
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/

16. NFAT5 inhibits invasion and promotes apoptosis in hepatocellular carcinoma associated with
osmolality - X Qin, Y Wang, J Li, Y Xiao, Z Liu https://pubmed.ncbi.nlm.nih.gov/28485155/

17. Transcriptome analysis of gravitational effects on mouse skeletal muscles under microgravity and
artificial 1 g onboard environment - Okada, R., Fujita, Si., Suzuki, R. et al.
https://www.nature.com/articles/s41598-021-88392-4

18. An Integrative Network Science and Artificial Intelligence Drug Repurposing Approach for Muscle
Atrophy in Spaceflight Microgravity - Manian Vidya, Orozco-Sandoval Jairo, Diaz-Martinez Victor -
https://www.frontiersin.org/articles/10.3389/fcell.2021.732370/full

19. Aldehyde Dehydrogenase 2 in Aplastic Anemia, Fanconi Anemia and Hematopoietic Stem Cells -
Lauren D. Van Wassenhove, Daria Mochly-Rosen and Kenneth |. Weinberg -
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5082284

20. Fanconi anemia: young patients at high risk for squamous cell carcinoma - Eunike
Velleuercorresponding author and Ralf Dietrich -
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4530570/

21. Xylitol inhibits carcinogenic acetaldehyde production by Candida species - Johanna Uittamo 1,
Mikko T Nieminen, Pertti Kaihovaara, Paul Bowyer, Mikko Salaspuro, Riina Rautemaa -
https://pubmed.ncbi.nim.nih.gov/21154745/

22. Fanconi's Anemia - wikipedia - https://en.wikipedia.org/wiki/Fanconi_anemia

23. An Algorithm for Precicision Medicine - M Mighty - https://youtu.be/Rt3XyeFHvt4?t=2057

24. Frame Semantics - wikipedia - https://en.wikipedia.org/wiki/Frame_semantics_(linguistics)

25. An Empirical Evaluation of doc2vec with Practical Insights into Document Embedding Generation -
Jey Han Lau, Timothy Baldwin - https://arxiv.org/abs/1607.05368



https://www.nature.com/articles/s41586-022-04448-z
https://arxiv.org/pdf/1706.03762.pdf
https://jalammar.github.io/illustrated-transformer/
https://e2eml.school/transformers.html
https://lena-voita.github.io/nlp_course/word_embeddings.html
https://www.nature.com/articles/s41587-021-01179-w.epdf
https://ai.googleblog.com/2022/03/using-deep-learning-to-annotate-protein.html
https://www.pnas.org/content/118/15/e2019053118
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3820096/
https://www.nature.com/articles/s41598-020-80430-x
https://pubmed.ncbi.nlm.nih.gov/34731471/
https://www.biorxiv.org/content/10.1101/2021.08.02.454840v1
https://arxiv.org/abs/2206.13517
https://www.nature.com/articles/s42003-022-03617-0
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/
https://amatriain.net/blog/transformer-models-an-introduction-and-catalog-2d1e9039f376/
https://pubmed.ncbi.nlm.nih.gov/28485155/
https://www.nature.com/articles/s41598-021-88392-4
https://www.frontiersin.org/articles/10.3389/fcell.2021.732370/full
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5082284
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4530570/
https://pubmed.ncbi.nlm.nih.gov/21154745/
https://en.wikipedia.org/wiki/Fanconi_anemia
https://youtu.be/Rt3XyeFHvt4?t=2057
https://en.wikipedia.org/wiki/Frame_semantics_(linguistics)
https://arxiv.org/abs/1607.05368

Team history: Appendix A

1990’s

Genentech
A Member of the Roche Group

HER?2 breast cancer research
Language processors to rebuild SYLK file formats for pharmaceutical pipeline

schematics
Original Pharmaceutical Recipe Builder (PRB)
A few years in Silicon Valley



Team history: (continued)

2001 X-Mine, Inc. So. SF, Sandip Ray and Tom Neff, CEO of FibroGen a division of:

AstraZeneca

* Bioinformatics, applying early forms of NLP, Latent Semantic Indexing (LSI) & Inductive Logic Reasoning
(IRL)

* Early approaches in literature mining were based on co-occurrance by applications such as PubGene

* Move beyond rudimentary approaches resulting in Opus, a system for relating genes, drugs and diseases
using vector representations (embeddings)

* Q & A system enabling automated answers to questions such as “What is the capital of Austria?”

* Objective: Capture hidden relationships. Example:

* a. Paper 1. “Research suggests Ebola originating in a cave in Africa”

* b. Paper 2: “Research suggests Ebola originating in Kitum cave”

* Resulting inference: Kitum cave is in Africa



Team history: (continued)

2001 X-Mine, Inc. So. SF, Sandip Ray and Tom Neff, CEO of FibroGen a division of:

AstraZeneca

First language modeling patent issued:

Inter-term relevance analysis for large libraries

Abstract

US20030204496A1
United States

A computer-implemented relevance analyzer extracts content from a technical library and analyzes
correlation of inter-term proximity with such content to find terms with strong correlation to a search
term. The underlying premise is that two terms, which are found near similar other terms, are likely
related to one another. Thus, a strong correlation in proximity relationships of the two terms is a B Download PDF m Find Prior Art 3 Similar
strong indication of likely relation of the two terms.

Inventor: Sandip Ray, Raf Podowski, Kasian Franks

Images (8) Current Assignee : X-MINE Inc, X Mine Inc



Team history: (continued)

2001 X-Mine, Inc. So. SF, Sandip Ray and Tom Neff, CEO of FibroGen a division of:

AstraZeneca

Opus sold NEC Japan and a paper was published:

i NIEC sreonered by imovaien > InSilico Biol. 2008;8(1):53-61.
search From the whole | & by Gaogle

BARTYT

BioCompass: a novel functional inference tool that
W zean=a o utilizes MeSH hierarchy to analyze groups of genes

I About the release of the bio-related literature mining tool "Biocompass" -

Home > Press Releases > Articles

Achieved

significant efficiency in bio fiterature search- Takeru Nakazato ', Toru Takinaka, Hironori Mizuguchi, Hideo Matsuda, Hidemasa Bono,
o Minoru Asogawa

NEC Corporation

NEC is pleased to announce the release of "Biocompass,” a bio-related literature mining THRY
tool that applies text mining technology (Note 1) to literature searches in the biomedical Aﬂ: Il 1a tl ons: — co l l a p s€
field, from December 1, this year.

"Biocompass" is a APPLICATION LICENSE AGREEMENT (software usage right) s -
with X-MINE Inc. (Headquarters: California, USA, President & CEO, Founder: Sandip Affl liation
Ray, hereinafter X-MINE), a bio-related software development company in the United

States. + It was commercialized based on the acquisition of copying rights, remodeling / . . . . . . .
revision / expansion rights,sals rights, distribution rights, etc, and s based on the basic 1 Bio-IT Business Promotion Center, NEC Corporation, 34 Miyukigaoka, Tsukuba, Ibaraki 305-
technology of NEC's product "Opus (Note 2) . B bini ing technology, . .

hove resised functionssuch a “accurate e/ potein name recognion® and tstep 8501, Japan. nakazato@dbcls.rois.ac.jp

search for related keywords".
The selling price of "Biocompass” is 10 million yen, and NEC has sold this product

widely to researchers at national and public research institutes / pharmaceutical

companies including the bio field, and over the next three years, 100 bottles will be sold. .

We anticipate sales. PMID: 18430990



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

~ BERKELEY LAB | [—
Sciences P & f"‘ ‘\:—vi . 'f
! de—

E:rlrlg-ng_ Science Solutions to the World

Invited to LBNL (Bissell Lab) to develop new ways of establishing relationship networks between genes,
proteins, drug compounds and diseases.

Research aims: Gaining a better understanding of how to protect and repair the human body during
spaceflight using multidisciplinary approaches in breast cancer and lifespan research

Connected to the following report produced by Mina Bissell commissioned by NASA Ames Research
titled: “Modeling Human Risk: Cell and Molecular Biology in Context - A Report On Animal
Experimentation at the Frontiers of Molecular, Cellular and Tissue Radiobiology” to "evaluate the
extent to which experiments with animal models are essential for the development of nhew and
more accurate predictions of the risks associated with exposure to HZE particles."
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2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:
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RKELEY LAB

utions o the World

Biology
in Context

Humans
Culture o T

systems models
e Rodents e

(rats, mice)

l

Invertebrates
(nematodes, insects)

Yeast

l

Bacteria

Emest Orlando Lawrence Berkeley National Laboratory

University of California
Berkeley, CA, 94720

A Report On

ANIMAL EXPERIMENTATION at the FRONTIERS of MOLECULAR,
CELLULAR and TISSUE RADIOBIOLOGY

Select Panel Members

Mina |. Bissell, Ph.D. (Chairman) Berkeley National Laboratory
Huber R. Warner, Ph.D. (Executive Secretary) Berkeley National Laboratory

Susan M. Berget, Ph.D.

R. ). M. Fry, M.D.

Philip C. Hanawalt, Ph.D.
Arthur Komberg, M.D.
Louise Lutze-Mann, Ph.D.
Kenneth A. Souza, MLA.
Robert Ullrich, Ph.D.

Jan Vijg, Ph.D.

Baylor College of Medicine

Oak Ridge National Laboratory
Stanford University

Stanford University

University of California, SF
NASA-Ames Research Center
Univ. of Texas, Medical Branch
Beth Israel Hospital, Harvard Univ.

Aloke Chatterjee, Ph.D. {ex officio) Berkeley National Laboratory
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2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:
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' BERKELEY LAB

BERKELEY LAB

Sciences

L STATEMENT OF WORK

NASA Order No. W-18,265 was awarded to the Lawrence Berkeley National
Laboratory (LBNL) by the Life Sciences Division, Office of Space Sciences and
Applications, National Astronautical and Space Administration (NASA) in
FY1995 to "evaluate the extent to which experiments with animal models are
essential for the development of new and more accurate pred:
associated with exposure to HZE particles.” The purpose of this evaluation is to
provide the basis for a research agenda to be developed and implemented well
before a mission to Mars which is currently anticipated to occur sometime
between 2015 and 2020. This will be accomplished by a Select Panel, to be
chaired dina J. Bissell, Director, Life Sciences Division, LBNL. The Panel will
issue a written report by the end of 1996. The actual statement of work follows:

jons of the risks

NSCORT (RADIATION HEALTH) SUPPLEMENTAL
STATEMENT OF WORK

(January 1, 1996 - December 31, 1996)

Animal Experimentation at the Frontiers of
Molecular, Cellular and Tissue Radiobiology

A Select Panel to evaluate the extent to which experiments with
animal models are essential for the development of new and more
accurate predictions of risks associated with exposure to HZE
particles. The Select Panel will make recommendations to the
NASA Space Radiation Health Program, based on their evaluation,
which will be essential for the development of research strategies
and the development of countermeasures to radiation injury to
humans in space. The Select Panel will evaluate the existing
information on the use of animal models and will establish
correlations with existing or projected data on human models. The
Panel will then evaluate the need for additional experimentation
including the use of human genes in transgenic models. If indeed it
is determined that new animal experimentation is necessary, the
panel will probe how to use the minimum number of animals for
the maximum amount of information. Such information, in
conjunction with existing theoretical and experimental framework
of NSCORT, could lead to significant predictions at minimum cost,
time and number of required animals.

&

IIL. INTRODUCTION

The first half of the next century may witness for the first time in history manned
missions into outer space. More specifically, an expedition to Mars has been
scheduled somewhere between 2015 and 2020. Before embarking in such
expeditions, careful risk estimation regarding personal health of astronauts in
outer space is considered necessary. This report deals with the possible adverse
health effects of high energy radiation in outer space.

The compaosition of radiation in outer space is now fairly well understood and
differs significantly from conditions on earth or in close orbit. Of particular
concern are the high energy (HZE) particles which can be expected to be
encountered. Unfortunately, data on the biological effects of HZE radiation,
which is characterized by a high linear energy transfer (LET) are scarce. The
questions therefore arise as to the necessity of repeating many of the studies
earlier performed with low-LET radiation and in what form.

Traditionally, adverse effects on humans of various types of radiation have been
investigated in animal models, mostly rodents. Early studies of this kind were
greatly accelerated by the Manhattan project, which for the first time made us
aware of the dangers of ionizing radiation of various energies. In view of (a) the
already exhaustive literature on radiation effects in animals and (b) the recent
emergence of sophisticated genetic analysis and manipulation technology, the
question has arisen as to the necessity of still using animals in firmly establishing
radiation risk in outer space. As such, the basic question addressed in this report
is whether or not additional animal experimentation is necessary to reliably
estimate the risk of exposure to HZE particles and, if yes, how the cost, time and
animal number can be minimized by aggressively exploiting the technology base

of modern day experimental biology and genetics

This report first aims at providing a solid background of available scientific
literature on what is known about radiation effects in general and HZE effects in
particular. Ample attention is paid to recently emerged insights into the nature
of the damage inflicted, the various cellular response pathways and the
possibilities to analyze and manipulate such pathways to create the superior
model systems that might be necessary to obtain a full understanding of the
adverse health effects that could be the result of radiation exposure. After
drawing the more general conclusion that some further animal experimentation
cannot be avoided, the body of the existing literature is then analyzed to
transform the original basic question into a series of operational criteria
regarding the research that still needs to be done. The report is closed by a series
of recommendations, including the establishment of a panel of biological
endpoints that may be used to assess the nature of damage using a repertoire of
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Additional research efforts included:

* https://three.jsc.nasa.gov/AnimalExpReport1996.pdf
* Breast cancer, ECM & tumor microenvironment

* Radiation damage to chromosomes

* Genes which extended the lifespan of nematodes



https://three.jsc.nasa.gov/AnimalExpReport1996.pdf

Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division

BERKELEY LAB

7| BERKELEY LAB

= inging

Sciences

Created a variant of ‘AutoClass’ the first
artificial intelligence software to make a
published astronomical discovery and
part of the first Al program at NASA.

PP

NasA NTRS - NASA Technical Reports Server Search all fields

Back to Results

AutoClass: A Bayesian Approach to Classification

We describe a Bayesian approach to the untutored discovery of classes in a set of cases, sometimes
called finite mixture separation or clustering. The main difference between clustering and our approach
s that we search for the "best’ set of class descriptions rather than grouping the cases themselves. We
describe our classes in terms of a probability distribution or density function, and the locally maximal
posterior probability valued function parameters. We rate our classifications with an approximate joint
probability of the data and functional form, marginalizing over the parameters. Approximation is
necessitated by the computational complexity of the joint probability. Thus, we marginalize w.rt. local
maxima in the eter space. We discuss the rationale behind our approach to classification. We give
the mathemati evelopment for the basic mixture model and describe the approximations needed for
computational tractability. We instantiate the basic model with the discrete Dirichlet distribution and
multivariant Gaussian density likelihoods. Then we show some results for both constructed and actual
data

Document ID 20010122938

Document Type Conference Paper

Authors Stutz, John (NASA Ames Research Center Moffett Field, CA United

States)

Cheeseman, (Research Inst. for Advanced Computer Science Moffett Fieid,
Peter CA United States)
Hanson, Robin (RECOM Technologies, inc. Moffett Field, CA United States)
Taylor, Will (RECOM Technologies, Inc. Moffett Field, CA United States)

Lum, Henry, Jr.
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We used it to compare and then create a unsupervised variant. Discretely valued vectors we’re useful
in creating vector representations of genes.

* Related to Latent Semantic Indexing (LSI), NLP, NLU

Presentation: “Cultivating the value of results interpretation”, DAGs, early work data engineering

surrounding knowledge graphs, graph and relationship networks along with their visualization and
interpretation

* Relationship Networking using Vector Representations (Embeddings) Patent — early language
modeling



Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:
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System and method for generating a

. . reeeer] (U
relationship network /—\Iﬂ BERKELEY LAB
U.S. Patent 9.026.543 Bringing Sci Solutions to the World

Issued On: 20150505 Published On: /A Filed On: 2011-07-25 About the Lab Leadership/Organization Calendar News Cen

Lawrence Berkeley National Laboratory

Abstract

A computer-implemented system and process for generating a relationship network is NEWS CENTER
disclosed. The system provides a set of data items to be related and generates variable length

data vectors to represent the relationships between the terms within each data item. The

system can be used to generate a relationship network for documents, images, or any other

type of file. This relationship network can then be gueried to discover the relationships A S h E H h Th H k A‘
between terms within the set of data items. ea rC ngl n e t at | n S; m OSt

Feature Story * March 31, 2005

Inventors

Kasien Franks Gomela & Mhyers Ref M. Podovsk _ — “ < E
Kensington, CA, US St. Louis, MO, US Pleasant Hill, CA, US SHARES
Contact: Dan Krotz, dakrotz@|bl.gov

Assignee o _ S )
There's a reason scientific progress is slow: in genomic studies, for example, it

may take weeks for a biclogist to comb through a stack of journal articles and
discover that one gene is functionally related to another. This relationship could

The Regents of the University of California
Oakland, CA, US

Kasian lead to a new way to fight a disease, but not if it remains hidden.
Government Interest Zranl:s 4 Berkeley Lab researchers hope to accelerate this needle-in-a-haystack hunt with
STATEMENT REGARDING FEDERALLY SPONSORED R&D This invention was made during work evelope an innovative search engine that simulates the way scientists think. It's called
supported by US. Department of Energy under Contract No. DE-AC02-05CH11231. The GenoPharm GenoPharm, and rather than search through data by keyword, like Google does, it
government has certain rights in this invention to make

i searches by association, like scientists do.
searching
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BIOMIMETIC SEARCH ENGINE

The:Blomimetic Search.Englne s the anly search P it BMC Bicinformatics. 2006; 7: 250. PMCID: PMC1533868
i U e e~ B\ (@ o Published online 2006 May 8. doi: 10.1186/1471-2105-7-250 PMID: 16681860
the unmatched speed and data storage <9 \ ; —

e o N ‘! Statistical modeling of biomedical corpora: mining the Caenorhabditis Genetic Center
revolutionizing how digital content is searched | g Ip ' g

and utilized. Users can search huge databases
and determine how objects are related, in what
contexts they are related, and the strengths of
those relationships. It was developed by Kasian
S-fluorouracil
Franks and Connie Myers, formerly of Berkeley ? i
Lab's Life Sclences Division, and Raf Podowski. J computer Science Department, Princeton University, Princeton, New Jersey 08540 USA
Both Franks and Podowski are now with the
Emeryville, CA-based start-up company SeeqPod.
A music search engine using the Biomimetic
search Engine can be found at www.seeqpod.com.

Bibliography for genes related to life span

DM Blei,™ K Franks,? Ml Jordan,®** and IS Mian™

v Author information» Article notes » Copyright and License information  Disclaimer

2Life Sciences Division, Lawrence Berkeley National Laboratory, Berkeley, California 94720-8265, USA
SDepartment of Statistics, University of California Berkeley, Berkeley, California 94720, USA

“Department of EECS, University of California Berkeley, Berkeley, California 94720, USA

Hcorresponding author.

The Biomimetic Search Engine goes far beyond simply sifting through data for keywords. Instead, DM Blei: blei@cs.princeton.edu; K Franks: KEranks@Ibl.gov; MI Jordan: jordan@cs.berkeley.edu; IS Mian:

the system allows users to make previously unknown connections between seemingly unrelated :
smian@Ibl.gov

terms. In this way, it helps to synthesize new information and further a person’s understanding
of a given topic, which is the hallmark of discovery, innovation, and invention. The Biomimetic
search Engine is already revolutionizing how genomics data, the internet’s playable music and
video files, and Wikipedia's ever-growing content are searched and utilized. It is also poised to
make inroads into the finance, sports, and health sectors.
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* LBNL takes a 5% stake in our spinoff, SeeqPod, “one of Berkeley Lab’s success stories” Ten
Scientists Honored for Work Moving Technology to Marketplace
https://www?2.1bl.gov/today/2007/Dec/13-Thu/tech-transfer-jump.html

* 2006 US Navy’s Space and Naval Warfare (SPAWAR/NAVWAR) and National Counterintelligence
Security Center (NCSC) based on the Knowledge Discovery Dissemination (KDD) working group
connected to the development of relationship networks including human-in-the-loop curation:


https://www2.lbl.gov/today/2007/Dec/13-Thu/tech-transfer-jump.html

Team history: (continued)

2002-08 Lawrence Berkeley National Lab, Biosciences (Life Sciences) division:

Knowledge Discovery and Dissemination
Program (KDD)

Focus, Process, and Instructions for 2006

Introduction

This document provides background information and
describes the process used by The Knowledge Discovery and
Dissemination Program (KDD) in requesting, selecting,
funding and testing research activities. Those who plan to
submit white papers and/or research proposals for KDD
funding in FY 2006 should submit their proposals in
accordance with the instructions provided in this document.

Background

The Knowledge Discovery and Dissemination Program
(KDD) is a research program sponsored by the Intelligence
Community (IC) and managed within the Intelligence
Technology Innovation Center (ITIC). The objective of the
KDD program is to improve the quality and timeliness of
intelligence analysis by creating effective methods o merge
multiple sources of information and cooperatively analyze the
information through muli-agency analytic teams. The KDD
Program supports activities that help coordinate Knowledge
Discovery research activities across the Intelligence
Community. The KDD program funds research that is
conducted at govemment agencies, laboratories, and academic
institutions. The results of KDD research are provided to the
KDD Program Manager and reports about the research are
published in the Journal of Intelligence Community Research
and Development (JICRD).

KDD Vision

Virtual, horizontal integration of intelligence analysis across
multiple agencies covering diverse disciplines with access to

multiple datasets using a simple rules-based wol to
collaborate, discover knowledge, share results, and
disseminate all-source intelligence information to high priority
customers.

Program Management

The KDD Program Manager uses a working group consisting
of technical personnel and analysts from across the
Intelligence community and its partners to maintin oversight
of the program and coordinate KDD activities with the various
agencies within the community. Representatives from CIA,
DIA, DOD, NSA, NRO, NGA, DARPA, ARDA, DHS, Mige,
and NSF are members of the KDD) Working Group. In
addition to the KDI) Working Group, the KDD) Program
Manager enlists volunteers as project monitors for each
research project. The project monitors conduct direct
technical interaction with the Principal Investigators. These
interactions focus the substance of the research project and
include attention to:

* Objectively assessing the value of the research effort
from a technical and application point of view,

*  Delivery of project results (g,g, software, algorithms,
eic.) to the Chairman of the KDD Working Group on
aCD,

*  Submission of quarterly and an annual status report
to the Chairman of the KDI) Working Group on the

research projects,

Evolving KDD Program Focus

After surveying hundreds of programs and projects across the
community, academia and industry, the KDD working group
identified four areas that would have a significant impact and
are appropriately pursued through an IC program. These are:

*  Distributed Data Mining of multiple data sets and
streams across different agencies

*  Representing Target Knowledge for human and
machine interpretation

*  Sharing data in a way that coordinates constructively
with law and policy

*  Developing effective collaboration between analysts
from a human factors perspective

Each of the four areas listed above expose difficult research
problems as well as opportunities for collaboration with the
larger research community. Pure research, by itself will not
satisfy the overall objectives of the program. Solutions to IC
problems will require integrating multiple components from
each of the four areas into an end-to-end functionality.
Therefore, the KDD program includes a test bed using real
intelligence data and professional experienced analysts to
solve critical and ongping intelligence problems. The KDD
program has developed an operational test bed,

, a an evolving operational prototype that tests
research deliverables. The testing process retains only the
“best of breed” research solutions that are subsequently
integrated fully in the following version of the prototype.

serves to evaluate research products, refine
needs and fully coordinate the research to operational reality
and requirements.

During 2006 and beyond, the KDD Program will continue to
address these four areas with specific focus on addressing:
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2009 — Applying innovations in space biosciences to industry: Language modeling applied to industry
applications in the financial markets, search, recommendation and discovery engines for SeegPod, Spotify

2013 — word2vec, a language modeling approach based on vector representations (embeddings):

Approach |edt)

Word2vec is a group of related models that are used to produce word embeddings. These models are shallow,
two-layer neural networks that are trained to reconstruct linguistic contexts of words. Word2vec takes as its
input a large corpus of text and produces a vector space, typically of several hundred dimensions, with each
unigue word in the corpus being assigned a corresponding vector in the space. Word vectors are positioned in
the vector space such that words that share common contexts in the corpus are located close to one another in
the space. !/

History [edit]

Word2vec was created, patenled.iz] and published in 2013 by a team of researchers led by Tomas Mikolov at
Google over two papers.[‘“'][‘d] Other researchers helped analyse and explain the aFgDrithm.[S] Embedding
vectors created using the Word2vec algorithm have some advantages compared to earlier algorithmsll]
[further explanation needed] g))ch as |atent semantic analysis.

s en wik perlian m Swik i W el 2vec




Team history: (continued)

2017 — Attention is All You Need https://arxiv.org/abs/1706.03762
Transformer models

2019 2020

GPT-3

BART DREEE S
LUKE

2021 — present:

XY | VECTOR SPACE BIOSCIENCES


https://arxiv.org/abs/1706.03762
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