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Abstract 

The application of machine learning to large datasets has ushered in a new era, exemplified by large 
language models like ChatGPT that represent accurate statistical representations of human 
languages. With advances in high throughput methods for assaying living systems, such as DNA 
sequencing, there is a growing number of applications of machine learning and AI in biology. Despite 
this progress, our understanding of biological systems remains limited, and we are still far from 
predicting human biology. Here, we argue that decoding the functioning of the human genome and 
its gene products on a large scale would enable the creation of predictive models for human biology. 
By modeling the interactions of gene products over time and space, leading to cell functions that 
collectively contribute to tissues and a functional organism, we could potentially predict human 
biological functions, processes and phenotypes. This approach has the potential to revolutionize 
biology and biomedical research, offering computational models for development, human 
physiology, and diseases. To understand human biology and disease, however, biological time is a 
key variable, and we discuss the need to decode the principles of cellular transitions. A predictive 
model of the language of life, with temporal and spatial resolution, is ambitious yet, in theory, 
technologically feasible and would have profound implications for comprehending human biology 
in health and disease. 
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Introduction 

Recent advances in deep learning models have showcased the capability of machine learning and 
artificial intelligence (AI) methods to interpret and decipher large datasets. This is particularly striking in 
large language models (LLMs) like ChatGPT, a statistical model of the English language, employing 
probabilities to associate words and construct sentences [1]. More specifically, an LLM is a deep learning 
system using a transformer architecture, characterized by billions of parameters trained on massive data 
[2]. LLMs like ChatGPT, DeepSeek and Gemini have been able to decode human languages with 
remarkable results in generating human-like text across multiple topics and contexts. These models are 
also increasingly being applied in diverse fields, including the life sciences. 

Deep learning methods have been successfully employed to infer and predict protein structures 
[3,4], gene regulatory networks [5] and other biological phenomena [6–9]. There is a growing prospect 
that coupling deep learning methods with large data sets can help in decoding biology and transform 
biomedical research [10]. Ultimately, the goal is to employ large language models to understand the 
language of life. But what does it mean to crack the language of life?  

Here, we argue that to understand life and human biology, we must decode the genome at a 
level that enables us to replicate and model its functions across cellular and physiological contexts. 
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Decoding the genomic information and understanding how it gives rise to phenotypes is the closest 
to understanding life at a level that allows predictive biological changes in health and disease states 
to be inferred. 

Unravelling the Language of Genes 

The digital core of information from which cellular functions and human phenotypes arise is 
ultimately knowable [11]. Every human being originates from a single-cell zygote with two sets of 
chromosomes that – almost miraculously – guide processes like cell division, growth, differentiation, 
and development, shaping the intricate functions of an adult human being. Decoding the genome is 
tantamount to decoding life, as it encodes every biochemical, cellular, physiological, and anatomical 
aspect of human existence. Not everything in biology is deterministic, but the fundamental aspects 
of human biology are genetically determined and, in theory, can be predicted and modelled from the 
genome. Additionally, the genome encodes interactions crucial for life, such as environmental 
influences, interactions between gene products, and cell-to-cell interactions.  

Recent advances in predicting genomic features [12], the effects of mutations on phenotypes [13], 
gene function [14] and protein function [3,4,7,15] and their interactions through in silico analysis of 
large datasets are a first step in decoding the genome. Our overarching objective in building 
predictive models of human biology is to unravel the language of genes. Yet, our ultimate goal must 
be to unravel not only the functions of individual genes but also how these genes collectively form a 
functioning cell and how a myriad of interacting cells give rise to tissues and, ultimately, an organism. 

The goal is to understand and model not only how a cell works [16], but predict sequential events 
for every cell type, for every tissue and every life stage, from fertilization to old age. To put it another 
way, develop a computational model depicting how a single cell evolves into an adult human, 
encompassing transitions from a zygote to a fully developed human being. This model would 
elucidate how each cell type and organ function during normal physiological conditions as well as in 
response to external stimuli, perturbations such as drugs, and dysfunction in multiple diseases. In 
simpler terms, the objective is to mathematically predict how cells in each tissue differentiate, 
function, grow, multiply, and die, driven by specific genetic programs. By capturing all life stages, 
such foundational model of human biology would also encompass aging processes that underpin the 
major human maladies and diseases. 

While developing such a highly predictive model of life may seem overambitious and well 
beyond our current capacity, we think that building a sophisticated model of the human genome is 
achievable. Despite the existing limitations in scope and accuracy of current models predicting cell 
transitions and reprogramming [17,18], we argue below that developing an accurate, predictive 
model of human biology is, in theory, within our technological reach. 

Data Requirements for Decoding the Human Genome 

How much data would be necessary to crack the human genome? In this context, “cracking the 
genome” goes beyond merely understanding the functions of individual genes; it involves modeling how 
their products and interactions give rise to sentences and the language of life. To put it another way, such 
an approach requires understanding the sequential interactions between gene products in a cell, modeling 
changes in gene expression and resulting proteins, predicting phenotypic outcomes, and understanding 
how – guided by genetic programs – cells change in time and space in the human body. 

How much do we need to understand biological systems in order to model and recapitulate 
human biology? This is not just a philosophical question; it has important practical implications. 
While we may not need to understand the quantum properties of every molecule in a cell to 
understand the cell’s functioning, grasping the rules that govern the dynamics and interactions 
between gene products is essential. This entails understanding the activation, repression, and 
interactions of gene products, as well as their relationship to cellular functions and dysfunction in 
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disease. How much data on gene products would be necessary is, at present, impossible to say for 
sure, but some estimates are possible. 

Machine and deep learning models require huge amounts of data. Indeed, models are only as 
good as the data underpinning them. Extrapolating from ChatGPT’s data requirements, we estimate 
the necessary data to reach a level of genome understanding that enables the development of a 
comprehensive biological model, a generative model of life. 

Data Requirements Extrapolation from GPT-3 to the Human Genome 

ChatGPT’s groundbreaking version GPT-3 was previously described and trained on 4x1011 tokens 
[1]. Briefly, frequent character combinations are grouped into tokens, approximately 4 characters in 
length, which generally align with words. As individuals typically know around 40,000 words, as a 
conservative estimate, we have 4x1011 / 40,000 words = 1x107 data instances per word to train GPT-3. If we 
extrapolate this approach to biology, then let us assume we need a dataset with 1x107 measurements per 
unit for training. But then, how many different biological units do we have? Table 1 shows data from the 
human genome. Just like to understand human language, we focus on words rather than letters, to 
understand the genome, we need to focus on genes and their products rather than on individual 
nucleotides. Although admittedly an oversimplification, one could argue that transcripts, encoding 
proteins and non-coding RNAs and representing the level of expression that determine cellular processes, 
serve as the equivalent to words in the genome or to tokens in ChatGPT.  

Table 1. Human genome (GRCh38.p14) statistics (http://www.ensembl.org/Homo_sapiens/Info/Annotation). 

Base Pairs 3,099,750,718 
  
Gene counts  
Coding genes 19,830  
Non coding genes 26,462 
Pseudogenes 15,222 
Gene transcripts 252,989 
  
Gene variants  
Short Variants 1,110,229,688 
Structural variants 7,861,655 

In contrast to words that are typically either present or absent in a sentence, genes can undergo 
substantial modifications, such as through epigenetic mechanisms, to control gene expression. Gene 
products can also undergo important modifications, such as protein post-translational modifications. 
Besides, while words in a text are discrete variables, genes in biology represent continuous variables. 
How many different levels of expression can a gene product have, each with distinct biological 
impacts? While debatable, if we assume five expression states, ranging from no expression to high 
expression, and three intermediate states, we would need 252,989 x 5 x 1x107 = 1.3x1013 data instances. 
Assuming 10 states would result in 10 times more data needed or 2.6x1013 data instances to unravel 
the regulation of the genome and so on. 

How does this amount of data compare to existing biological datasets? If for the sake of 
simplicity we focus only on transcripts, a whole transcriptome array can capture the expression of 
virtually all expressed gene transcripts, making a single array sufficient to obtain data on all “words” 
in the genome. Consequently, to gather an equivalent amount of data on the genome as used to train 
ChatGPT, we would need around 5x107 to 1x108 whole transcriptome arrays. ARCHS4 
(https://maayanlab.cloud/archs4/) and recount3 (https://rna.recount.bio/) have in the range of 1.3x105 
to 3.2x105 human RNA-seq samples (plus ~3-4x105 mouse samples), or two to three orders of 
magnitude less than required.  
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The Need for Dynamic and Diverse Data 

While a text has logic and meaning by stringing together related words and sentences to convey 
a story or message, a single RNA-seq or protein array is meaningless on its own. Besides, while text 
is structured as a sequence of symbols and words, gene expression and the proteome are ensembles 
of interacting molecules across time and space. As such, we need dynamic data that reflects genome 
regulation and gene product changes across various time points. Crucially, we need data from 
multiple contexts – ages, organs, cell types, disease states, etc. A key feature both in health and disease 
is temporal changes in cell phenotypes, which would be crucial for data to capture. The goal is to 
decode which gene products change, how and in which order in response to stimuli or instructed by 
normal physiological processes – in turn, encoded in the genome.  

Another difference between languages and the genome is that words that are rarely used are 
unlikely to be important, yet genes that are only rarely used may play crucial biological roles in 
specific contexts. As such, the type of data necessary to capture relations between gene products for 
a large-scale LLM-like modeling of the human genome would need to be not only much more 
abundant than what is presently available but also have much greater temporal resolution and 
diversity. In this context, by diversity we mean different life stages, cell types, stimuli and other 
perturbations that allow us to capture the many genetic programs operating in our cells across space 
– i.e., human organs – and time – i.e., lifespan.  

We envision a multi-omics integration of transcriptomics, proteomics, epigenomics, and 
metabolomics [19], including data from multiple species and evolutionary conservation. One recent 
foundational model, for example, based on chromatin accessibility data and sequence information, 
was able to predict gene expression across human cell types [20]. Besides, DNA sequence data can 
also be used to predict gene expression [21,22], and non-coding RNAs would be included as another 
layer of epigenetic gene regulation to help infer the grammar of the genome. Moreover, proteins are 
arguably a more accurate equivalent to words in the genome, since the proteome is closer to 
phenotypes than the transcriptome; proteomics data in health and disease would thus be essential. 
Models would progress gradually from modeling cells to tissues, allowing approaches to be refined. 
Reinforcement from human feedback would ensure the accuracy of the models and prevent 
hallucinations. Indeed, experimental feedback would be essential in model development and fine-
tuning, as in other approaches [23], based on validation experiments.  

Caveats and Limitations 

Creating a model reflecting the functions of the human genome and its products would 
revolutionize biology and medicine. It would enable us to simulate normal processes at the cell and 
tissue level with temporal and spatial resolution, including development and normal physiology, as 
well as predict sequences of events in numerous diseases and in response to treatments – including 
drugs. With large gaps in our understanding of complex diseases and the high failure rate of drug 
discovery in spite of rising costs, tackling the complexity of human biology and of our genome is 
imperative. However, there are several caveats and limitations.  

Understanding human creations like chess or language is more straightforward for a machine 
than biological processes due to abundant training data and our ability to comprehend the logic 
behind our creations. Biology, however, is shaped by evolution and poses challenges due to limited 
data and the lack of conceptual frameworks that can explain its extraordinary complexity. As pointed 
out by others [10], the language of life is much more complex than any human language. As such, 
while advances in foundational models have been impressive, some models still struggle to beat 
simple baselines. For example, single-cell foundation models do not yet outperform linear baselines 
for perturbation prediction [24]. Our data requirements calculations are consequently rife with 
unknowns and should be considered educated guesses. We think, however, that more than the 
amount of data necessary, data diversity and perturbations would be essential. 

Importantly, our proposed framework is not designed to model molecular structures or atomic-
level representations of biochemical functions, only their inputs and outputs – which will suffice for 
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our purposes. As such, we arguably have the technology to obtain the necessary measurements and 
data to develop such a foundational model of human biology. Moreover, while a computational 
model of how the genome guides development, cellular functions and human physiology could 
recapitulate the development of human brain functions of its components, it will not capture the 
emergence of thinking as readouts would not focus on neural connections. Indeed, our proposed 
model would be limited to the phenotypes whose readouts are included in the training data, 
emphasizing again the need for data diversity, including temporal and spatial resolution as well as 
disease states. Because the major causes of death in modern societies are age-related diseases, such 
as cancer, cardiovascular disease, and neurodegenerative conditions, a model encompassing the 
entire life course would include the aging processes that predispose to – and may even drive – the 
most prevalent and devastating human diseases. 

Discussion 

Predictive applications of AI in biology, such as learning the language of proteins to understand 
their structures, properties, and functions [15,25], are widespread and impressive but primarily static. 
It is like understanding how changing a letter changes the meaning of a word, but it does not tell us 
how to construct sentences or interpret our genetic blueprint. To understand human biology, we need 
to understand the principles of biological transitions, namely at the cell level. In this context of 
biological time as a key variable, dynamic networks and the genome need decoding. We know what 
some genes do some of the time, but we do not know what most genes do most of the time. As such, 
we need a multimodal foundation model that allows us to put together how genes (words) give rise 
to sentences (cell functions) and narratives (phenotypes). While others have discussed the application 
of AI to develop a virtual cell [16], our ultimate ambition is to predict spatially and temporally 
coordinated trajectories in cells across the life course. 

While admittedly ambitious, the goal in making biology predictable is to build a computational 
model that replicates all human life stages, including developmental steps and aging, from the 
genetic sequence alone. Here we argue that developing such a model is not only technologically 
feasible but also the long-term vision to understand the language of life, with profound implications 
for comprehending human biology in health and disease. 
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