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Unlocking the Secrets of Protein Misfolding:
AlphaFold’s Role in Cardiovascular Disease

BY: RUBEN  SERVIN  LEYVA

THE PROTEIN FOLDING PROBLEM

Proteins are the architects of life, cra!ing 
every cellular process—from the rhythm 

of a heartbeat to the storage of memory. Yet, 
these molecular machines do not simply 
jump into action; they fold into intricate, 
three-dimensional structures that dictate 
their functions.7 For decades, predicting 
this process, known as the “protein folding 
problem,” was considered one of biology’s 
greatest unsolved mysteries.4,7

The protein folding problem lies in 
predicting how linear sequences of amino 
acids, the building blocks of proteins, fold 

into speci"c three-dimensional structures. #e 
"nal structure is not random; it is determined 
by the sequence of amino acids and is crucial 
for protein structure. A protein’s shape dictates 
its ability to interact with other molecules 
and perform its role inside the body. #ese 
roles are incredibly diverse: Proteins can 
catalyze reactions, provide structural support, 
transport molecules, or regulate biochemical 
processes.2

Historically, solving this problem 
required labor-intensive techniques, such as 
X-ray crystallography and nuclear magnetic 
resonance spectroscopy, which, while 

e$ective, are time-consuming and are o!en 
limited to smaller proteins.2 #e complexity 
and variability of protein folding made this 
problem one of biology’s most challenging 
problems until recent advancements in 
computational biology transformed the "eld.2

Enter AlphaFold (A-Fold), an arti"cial 
intelligence system developed by Google 
DeepMind that has revolutionized the "eld of 
protein prediction. #e release of AlphaFold 
1 in 2018 achieved the first significant 
breakthrough, but it was AlphaFold 2 in 
2020 that revolutionized the "eld, predicting 
protein structures with a level of accuracy that 
was previously impossible.2,5

HOW ALPHAFOLD WORKS
At its core, AlphaFold uses deep 

learning, a branch of arti"cial intelligence 
that mimics the brain’s neural networks, 
to predict a protein’s structure from its 
amino acid sequence. #e process begins by 
searching genetic databases for similar protein 
sequences. Once it identi"es these, A-Fold 
applies a technique called Multiple Sequence 
Alignment, a method that compares similar 
protein sequences to identify patterns and 
interactions between amino acids,  which are 
crucial for protein folding.2 By using MSA 
alignment, this reveals key relationships 
between different amino acids, known as 
residue-residue interactions, which are 
crucial for determining how the protein 
folds. Using this data, A-Fold predicts the 
final folded structure and generates a 3D 
model, where high-con"dence regions are 



FEATURES
              Berkeley Scienti!c Journal  |  FALL 2024 51 

shown in blue and lower-con"dence areas are 
highlighted in green. #ese con"dence scores 
help researchers assess the accuracy of the 
prediction, providing valuable insights into 
the protein’s structure.2,5 

ALPHAFOLD’S ROLE IN 
UNDERSTANDING CARDIOVASCULAR 

DISEASE
In cardiovascular disease, two 

proteins: Apolipoprotein B (ApoB) and 
Apolipoprotein E (ApoE), play critical roles 
in lipid metabolism, governing how fats 
like cholesterol are processed in the body. 
Misfolding of these proteins can lead to 
atherosclerosis, where fatty acids accumulate 
in arteries, raising heart attack and stroke 
risks.1

One of AlphaFold’s major contributions is 
its precise modeling of ApoB structure. A 2021 
study led by Jumper et al. revealed critical 
details about ApoB’s speci"c binding sites and 
interactions with LDL cholesterol, showing 
how minor structural variances contribute 
to plaque buildup in arteries. Before A-Fold, 
scientists could only hypothesize on these 
molecular interactions, but now, with A-Fold’s 
high-resolution models, researchers can 
pinpoint key players that in%uence ApoB’s 
role in cardiovascular disease. #is enables the 
design of drugs that target these precise areas, 
potentially blocking cholesterol’s harmful 
e$ects and reducing cardiovascular risk.1

Similarly, A-Fold’s accurate model of 
ApoE4 variant has shed light on its dual 
impact on cardiovascular disease and 

neurodegenerative disorders, like Alzheimer’s. 
By pinpointing structural features critical 
to ApoE4’s misfolding, A-Fold enables 
researchers to develop targeted therapies that 
can prevent the harmful e$ects associated with 
its misfolded form.1 

LIMITATIONS AND CHALLENGES OF 
ALPHAFOLD

While AlphaFold has revolutionized 
structural biology, it still faces some 
limitations. One key challenge is predicting 
how proteins interact with larger molecular 
complexes, such as DNA or RNA5 Although 
AlphaFold 3 has made signi"cant progress 
in modeling protein interactions, it is not yet 
perfect in predicting these complex dynamics. 
Proteins rarely act alone, and understanding 
their interactions with other molecules is 
crucial for grasping their function.2

Protein %exibility is another area where 
A-Fold struggles. Proteins are not static; they 
constantly change shape depending on their 
environment and interactions with other 
molecules.2,5 While A-fold excels in predicting 
a protein’s most stable form, it has di&culty 
modeling proteins that can shift between 
multiple shapes. #is behavior is essential in 
practical biological systems and represents an 
area for future improvement.2

Finally, like any AI system, A-fold is only 
as good at the information it has been trained 
on. #e model pulls from a huge database 
of known protein structures; however, there 
remain numerous proteins, particularly those 
found in rare biological conditions, that have 
yet to be fully explored. #is gap may limit 
the accuracy of AF predictions, suggesting the 
need for more protein databases to improve 
its accuracy.5

THE FUTURE OF ALPHAFOLD
Despite these limitations, AlphaFold’s 

development is far from finished. While 
it has revolutionized the prediction of 
static protein structures, the next challenge 
lies in understanding protein dynamics.2 

Future iterations of A-fold may incorporate 
simulations that predict these movements, 
giving researchers a more nuanced and real-
time understanding of protein behavior.2

As computational resources become 
more powerful and accessible, A-fold’s 
capabilities will most likely be made widely 
available through cloud platforms, expanding 
the access to this technology. This would 
allow researchers and scientists from across 
the globe, including those in resource-limited 
settings, to harness the power of A-fold for 
their work.2,6 With this increased accessibility, 
there could be a surge in breakthroughs in 
"elds ranging from synthetic biology to rare 
diseases, where advanced protein modeling 
is limited.2,6 

Figure 3: AlphaFold’s Process of Predicting Protein Structures. #is diagram shows Alpha Fold’s 
work%ow for predicting protein structures.
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