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With a constantly evolving scientific field, scientists must also quickly adapt to the latest technology and techniques. However, in
genetic modification scientists are often deciding on an editing technique based on popularity instead of optimizing for their
unique needs. A wrong choice risks negative consequences, wasting both time and money and leading to more harm done than
benefits. Therefore, we aimed to solve for the aforementioned problem by creating a universalized means of choosing a genetic
editing technique in both research and clinical settings. The model takes both profession and research priorities into account and
generates an optimal genetic editing technique that users should use. In doing so, the incorrect applications of genetic editing
techniques are minimized as scientists are better educated on which tool they should use. In the future, this model can be expanded
to include more preferences, a greater gradient of professions, and can be applied to other scientific fields as well.
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Introduction

Throughout the hundreds of years of ever-changing scientific
discoveries, genome editing has emerged: a novel method to
manipulate genes for laboratory and clinical settings. By allow-
ing for the modification of genes, these emerging technologies
can be used for a wide range of applications including, but not
limited to, agricultural sustainability1, disease treatment and
prevention2, engineering of biomaterials3, and optimizing bio-
fuel production. Even though genome editing can be a versatile
tool that drives societal advancement, there is ongoing hesitation
and debate among scientists and medical professionals due to
concerns surrounding fidelity of techniques and ethics of their
use. These technologies lack high precision components that
are necessary to minimize off-target effects, a balance that is
crucial for scientific research and certainly for clinical trials.

In the early 1950s, a non-hereditary phenomenon which re-
sulted in variation in bacterial viruses emerged4. The cell would
be able to return to its original state and could spontaneously
manifest. These ideas led to the discovery of restriction modifi-
cations, consisting of two main components: restriction enzymes
and a modification enzyme. Purified from bacteria, restriction
enzymes attack the double helix of DNA at precise sequences
to cleave both strands of the DNA molecule4. Afterwards, the
modification enzyme then tags the DNA at those recognition
sequences to prevent further cutting by restriction enzymes. In
this way, the modification enzymes protect the DNA from its
own restriction enzymes5.

In the early 1970s, DNA sequencing methods arose, making
it easier for scientists to understand the genetic information in
specific DNA segments. In this way, nucleotide sequences could
be easily discerned, and some organisms could even have their
entire genomes sequenced. In a gene editing context, being able
to sequence genomes enabled scientists to target the specific
sites at which restriction enzymes cut to improve accuracy and
reduce unwanted off-target cutting.

Targeted gene editing first emerged in the late 1900s through
Zinc Fingers6. Zinc fingers are proteins that work to regulate
a multitude of cellular processes including DNA recognition
(which later helps for gene editing), transcriptional activity,
and protein folding, and are primarily found in settings that
aim to slow down tumor progression. Zinc Finger Nucleases
(ZFNs) are made up of a zinc finger domain, with moieties that
bind to precise DNA sequences, and a bacterial nuclease which
cuts the DNA in proximity. While they were integral to the
timeline in which genetic editing techniques evolved, they are
typically quite restrictive and less advanced in comparison to
other techniques. This is due to its limitations in only being
able to recognize three base pairs at a time, contributing to its
diminished specificity, and therefore, increased off-target effects.
Despite this, Zinc Finger proteins provided a vital stepping-stone
to other genome editing techniques.

Due to the limitations with Zinc Fingers, scientists have since
developed new technologies that solve for previous methods’
drawbacks. More recently, in 2011, transcription activator-like
effector nucleases (TALENs) were discovered and two years
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later, clustered regularly interspaced short palindromic repeats
(CRISPR) were named7. Both genome editing techniques,
which have gained popularity and constitute the majority of the
genome editing field, use double-stranded breaks (DSBs) in eu-
karyotes to perform their function. Specifically, CRISPR relies
on the DNA nuclease Cas 9, which is directed to specific genetic
sequences at precise locations of the genome called protospacer-
adjacent motif (PAM) sites by an RNA handle called a guide
RNA (gRNA). The gRNA binds to the target DNA sequence
adjacent to the PAM site to maximize its accuracy. TALENs are
composed of two main components: transcription activator-like
effectors and nucleases. The former component acts as the pro-
teins that attach to the DNA and the latter component works as
an enzyme to cut the DNA. The transcription activator-like effec-
tors are custom-designed to bind to specific DNA sequences that
would enhance clarity. While these techniques are understood
and used broadly at both the academic and medical level, sev-
eral concerns preclude them from becoming standard practice,
including their efficiency and target specificity.

The importance of genome editing is omnipresent; These
techniques are required to be extremely precise to correct ge-
netic mutations without compromising the rest of the genome.
Therefore, it is vital that these techniques cut precisely, edit
efficiently, and prevent subsequent repeat cutting at these sites
later on. Their applications are plenty, ranging from weeding
out damaged genes in the human genome and removing genetic
diseases to modifying food to yield the maximum number of
crops. For these genetic editing techniques to perform at optimal
levels, the target specificity, cutting efficiency, versatility, ability
to enter various cells, ethics, and cost must be optimized. Yet,
in the current field, we see a lack of direction in terms of how to
choose an editing technique over another for a specific use.

The importance of genome editing is omnipresent; These
techniques are required to be extremely precise to correct ge-
netic mutations without compromising the rest of the genome.
Therefore, it is vital that these techniques cut precisely, edit
efficiently, and prevent subsequent repeat cutting at these sites
later on. Their applications are plenty, ranging from weeding
out damaged genes in the human genome and removing genetic
diseases to modifying food to yield the maximum number of
crops. For these genetic editing techniques to perform at optimal
levels, the target specificity, cutting efficiency, versatility, ability
to enter various cells, ethics, and cost must be optimized. Yet,
in the current field, we see a lack of direction in terms of how to
choose an editing technique over another for a specific use.

We hypothesize that prioritizing gene editing technique char-
acteristics will lead to more effective selection and application
in diverse professional contexts. In creating a model to guide re-
searchers’ choice of technique, an objective metric is established
to choose the best option tailored to each researcher’s needs. By
doing so, researchers and clinicians can be better educated on
which specific editing technique they should use. This study

aims to develop a model that prioritizes gene editing techniques
based on specific criteria, improving decision-making in both
research and clinical fields and thereby optimizing research and
clinic results.

Methods

Our primary goal was to find the optimal genome-editing tech-
nique based on core needs and limitations of an individual re-
search lab or clinical setting. Therefore, we used a high-level
review of the literature to compile a list of variables to consider
when working with one of these editing techniques. We evalu-
ated our editing techniques using the following characteristics:
target efficiency, cutting efficiency, versatility, ability to enter
cells, ethics, and cost. We then conducted a deeper review of
genetic editing techniques using PubMed covering three types
of editing techniques: CRISPR, TALENs, and ZFNs. We then
holistically looked at each paper to gauge what each scientist
considered when working with each technique.

Target Variable Number of Returns
Target Specificity 81,638
Cutting Efficiency 10,434
Versatility 4,295
Ability to Enter Cell 3,554
Cost 2,163
Ethics 5,293

Table 1 The Returns for each Variable in Nature Communications
Papers. The number of results for each characteristic of the editing
techniques reflects their importance for usage.

In Table 1, an example of such searches is displayed. The
number of results returned when each variable is searched up
is recorded. The list of variables, from most important to least
important, is then made using this table. However, some vari-
ables are reprioritized due to misrepresentation in articles which
look at a certain variable over another. For instance, ethics has
more results than many other variables and are easier to discern
and quantify, making them an ideal research topic, whereas
versatility is harder to measure. Therefore, when searched for,
ethics has a larger number of search results than versatility, even
though these results do not truly reflect research and clinic needs
accurately. Thereby, some variables are rearranged based on
their misrepresentation in literature and usability in cells after
factoring in real-world impact, practicality, and scientific con-
sensus, and thus ensuring a proper prioritization of variables
that accurately reflects the importance and relevance.

Initial research returned the following key variables: repair
efficiency, target specificity of the enzyme, cutting efficiency,
versatility among organisms, ability to deliver to human cells,
accessibility, ethics, and cost. However, after some revision of
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these variables, we have decided that our variable list should
be cut down to target specificity, cutting efficiency, versatility
among organisms, ability to enter human cells, ethics, and cost.
We reasoned that repair efficiency is something that the cell must
do on its own and often is not highly affected by the type of
genome-editing technique used. Additionally, versatility among
organisms is less of an issue because the end goal for both
clinical and research environments is to send compounds into
humans, or at the very least, in vivo models.

In order to corroborate the results from the query search men-
tioned above, we conducted a survey to discern what matters
most to both academic and medical professionals who are versed
in the genetic editing field. We then sent this survey through
email to a multitude of researchers across the country who would
have a background in genome editing techniques. After receiv-
ing enough responses, we consolidated that data to examine
these rankings and compare them to the ranking we previously
had, making adjustments to the list accordingly.

To create our model, our weighting and prevalence of editing
techniques were guided by prevalence in the literature and our
survey. We used Excel Spreadsheets to organize our informa-
tion. We created two different pages in the spreadsheet: the
background calculations sheet and the dashboard. The back-
ground calculations house all the weightages and calculations
that happen behind the screen, unbeknownst to the user. The
dashboard is the user interface, where users select their profes-
sion and primary project goal in order to calculate the optimal
genetic editing technique. When the user chooses their specific
preferences on the dashboard, their preferences then get linked
to the background page. On the background page, these choices
are directly linked to calculations that correspond to optimiza-
tion scores based on the primary variable chosen by the user. To
summarize our methods, Figure 1 portrays the study holistically
and in a stepwise manner.

Results

The necessary information required for creating the model in-
cluded details regarding the editing techniques and their different
characteristics such as target specificity and cost. To begin, a
greater understanding of each editing technique was necessary,
and therefore, PubMed was used to gauge characteristics of each
technique. In PubMed, the following search criteria and phrases
were used: “[variable name] pros and cons in modern research”
and “[variable name]”. Then, the results from these searches
were whittled down depending on the pertinence of the articles
to the study at hand; For instance, target efficiency is also a
common term in drug discovery.

It was found that ZFNs, being the oldest technique6, are
the least used due to the advent of more novel and efficient
technologies like CRISPR in research settings8. Then, each
variable was investigated further, which allowed us to gauge

what characteristics of the editing techniques were integral to
their function. Academic settings require multiple trials to create
a viable result, and therefore, need to minimize their cost. Con-
sequently, they typically lean towards using CRISPR or ZFNs
due to their relative cost-effective nature. However, CRISPR and
ZFNs are known to have more off-target editing than TALENs.
Therefore, since lives outweigh the costs required in a clinical
setting, a more precise genome editing technique must be used:
TALENS9. We also used survey results to corroborate this data.

The survey first separated the respondents into academic and
medical professionals. In the academic category, the survey
received around 40 respondents. As depicted in Figure 2, the
editing characteristic that most academic researchers chose is tar-
get specificity, which is the same we found through the PubMed
query search. As depicted in Figure 3, the survey shows what
academic researchers prefer to optimize, in order. Though some
of these are inconsistent with the query search done on PubMed,
we ultimately chose to use the survey as our basis for ordering
the editing techniques since it is a more accurate depiction of
what actual researchers want.

In the medical category, the survey received around 10 re-
spondents. As depicted in Figure 4, the editing characteristic
that most medical professionals chose is target specificity. As
depicted in Figure 5, the survey shows what medical profes-
sionals prefer to optimize, in order. Therefore, for the order of
the editing characteristics, we decided on the following: target
specificity, cutting efficiency, ability to enter a cell, ethics, cost,
and versatility.

To organize this information and create coherent relations
between them, we looked towards making a mathematical model
that would calculate ideal editing conditions for specific settings.

The dashboard serves as the primary interaction surface for
the user to enter their information and receive their final result
of the optimal editing technique they should use. The dashboard
requires the user to provide two crucial components: their pro-
fession and the primary variable (e.g. target efficiency, cutting
efficiency, versatility, ability to enter cells, ethics, and cost) that
they wish to be met in their editing technique. With this informa-
tion, calculations are performed on the background sheet. The
calculations weigh each variable based on the user’s preference
and their profession. The weighting system works as a gradient,
giving the user’s preference the highest value and sequentially
weights the next characteristic lower and lower. The sequence
of the editing characteristics are based on the previous metrics
examined in literature and using scientific validity and relevance.

Weighted values are critical to the validity of the model, as
they influence the optimized outputs, considering which vari-
ables are more important to the choice of an editing method.
Differentiating between professions allows for a more precise
decision on editing technique, based on specific necessities of
each field. For the profession, users can choose either a med-
ical user, academic user, or an in-between option where both
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Fig. 1 Flow of metrics. The user inputs some information and receives two editing techniques that would be optimal for their usage, which is
through this manner.

Fig. 2 Most Important Characteristic Based on Profession - Academia. The number of respondents who have chosen each editing characteristic
have been converted to a percentage.

Fig. 3 Preferences of Editing Characteristics - Academia. The relative percentages of each editing technique characteristic in the order of
importance to the respondent is depicted.

these professions overlap. Though we understand the complex-
ities of all scientific professions are not encompassed in these
three professions, we found that this was a good baseline that
could be expanded on in later studies. We found that medi-
cal professionals and academic professionals tend to prioritize
different variables because they have different goals and oper-
ational constraints. For instance, medical professionals would
aim to optimize accuracy and minimize off-target effects since
they deal with people’s lives while academics would also like to
optimize accuracy but need to minimize cost as well. Based on
the profession chosen, one of the techniques is chosen, which

is displayed on the dashboard accordingly. Each profession has
a separate technique assigned to it, corresponding to its previ-
ously assigned metrics, alongside the editing technique based
on primary variable preference chosen by the user.

We divided the interface of the model into two main sheets:
the background calculations and the dashboard. The background
calculations sheet is where all weightages and manipulation of
variables is applied. On the other hand, the dashboard, an ex-
ample of which is shown in Figure 6, is where the user would
choose their primary variable preference, as well as their pro-
fession and it would also be where the model would display the
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Fig. 4 Most Important Characteristic Based on Profession - Medical. The number of respondents who have chosen each editing characteristic
have been converted to a percentage.

Fig. 5 Preferences of Editing Characteristics - Medical. The relative percentages of each editing technique characteristic in the order of
importance to the respondent is depicted.

Fig. 6 Example Depiction of the Dashboard. The user chooses their profession and a primary variable that they would like to prioritize, and the
model then presents two different techniques that are optimal. In this example, the profession in between medical and clinical is chosen and
cutting efficiency is chosen to be most optimized.

appropriate gene editing techniques based on the user’s choices.

Separate from the profession, an editing technique is picked
based on the variable chosen (Table 2, Table 3). After finalizing
the variables, we began to test how much each variable should
be weighed when trying to get a quality editing technique. How-
ever, a challenge we faced in ordering these variables was the
lack of reliable metrics and numerical values to define each
editing technique in existing literature—for instance, if labs
preferred to optimize target specificity more or less compared
to clinical settings. Without numbers to quantify exactly how
prevalent and important each technique is in clinical and aca-
demic fields, it was a lot harder to discern how each variable

should be weighed in comparison to another. Thus, we base the
weightages on a holistic view of the variable and based upon
the frequency at which they have been mentioned in past lit-
erature9–14. In order to get better metrics, we also conducted
a survey to determine how much academic researchers priori-
tize each editing characteristic and weighted each characteristic
based on this information.

The model also solves for trade-offs that are common in real-
world scientific applications by recognizing the rankings that
need to be less prioritized than the chosen characteristic. For
instance, in order to optimize target specificity, cost must be
sacrificed, resulting in the choosing of TALENs. Then with
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Academic Between Medical
1 Versatility 1 Cost 1 Cost
2 Target Specificity 2 Target Specificity 2 Target Specificity
3 Cutting Efficiency 3 Cutting Efficiency 3 Cutting Efficiency
4 Ability to Enter Cell 4 Ability to Enter Cell 4 Ability to Enter Cells
5 Cost 5 Versatility 5 Ethics
6 Ethics 6 Ethics 6 Versatility

Table 2 Example Depiction of the Weightages in the Background. The user’s profession options are depicted, and cost is chosen as the primary
preference variable provided that needs to be optimized.

Weightage Order Weight Characteristic CRISPR TALEN ZFN Weighted Score Final Score
1 30 Target Specificity 2 1 3 20 40
2 20 Cutting Efficiency 3 2 1 15 15
3 15 Versatility 3 2 1 10 10
4 10 Ability to Enter Cell 3 2 1 10 10
5 10 Ethics 3 2 1 10 10
6 10 Cost 1 2 3 30 90

Table 3 Example Depiction of the Background. The user’s profession and a primary variable are used to calculate the optimal gene editing
technique using the depicted calculations. In this case, cost is chosen as the primary variable preference.

this information, in order to reduce subjectivity, the model was
redesigned multiple times in order to corroborate literature men-
tions and survey rankings of editing techniques through different
weightings of variables, through which a weighting order was de-
termined. Target specificity is highly valued overall in literature
as well as in our survey, as many laboratories engage in screen-
ing for this variable and other related quantitative measurements.
Additionally, many current studies urge for the shift towards de-
vising a way to minimize off-target effects in editing techniques
as a primary focus15. Therefore, this is reflected in our model
with it having the highest weightage in the background calcula-
tions. Cutting efficiency, versatility, and the ability to enter a cell
follow close behind, serving as heavy influences in the overall
efficiency of the technique16. Finally, ethics and cost, though
extremely important, do not directly affect the efficiency of the
technique and are weighed the least, as also depicted in our
survey. Though they do significantly impact the feasibility and
acceptability of genome editing techniques, they do not directly
correlate to how effective a genome editing technique would
be, which would be the most important factor to consider when
debating the merits of a technique. Without proper efficacy,
ethics and cost are rendered negligible. Additionally, each of
these weightages was ordered into rankings based upon different
professions. The three categories of professions we have used
are academic labs, medical labs, and one category for labs that
identify as in between in these categories. The rankings of how
important each variable is for each profession is something that
is also considered by the model.

We divided the interface of the model into two main sheets:

the background calculations and the dashboard. The background
calculations sheet is where all weightages and manipulation of
variables is applied. On the other hand, the dashboard is where
the user would choose their primary variable preference, as well
as their profession and it would also be where the model would
give the appropriate gene editing techniques based on the user’s
choices.

Discussion

Editing Technique Frequency of Output (%)
CRISPR 66.67%
TALEN 16.67%
ZFN 16.67%

Table 4 Frequency of Outputs for each Genome Editing Technique.
Using the user’s inputs, the model produces a different editing
technique as its output, and the regularity at which each technique is
chosen is shown in the above table.

Whilst in the process of making our model, we found that
based on the metrics we had used, CRISPR is most likely to
be chosen as a final output for the gene editing technique and
is chosen 66% of the time. This correlates directly with the
abundance of usage in practice in current laboratories, as the
current most-used genetic editing technique is CRISPR (Table
3), validating the effectiveness of the model. The percentages
were calculated by discerning the number of times a certain
genome editing technique was displayed when all combinations
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of editing technique characteristics are used and dividing that
value by the total number of combinations.

One issue we faced was a low number of respondents for
our survey due to a lack of adequate resources. Therefore, our
sample size was limited, which in future surveys could be better.

Another issue we faced while creating the model was the
unequal weighting of both profession and primary preference,
which swayed the results of the model to be based solely on
the primary preference. This was due to an inaccurate way of
feeding the information to create a cohesive model, which would
require literature precedent. Without any literature to base our
model on, we solved this issue by manipulating the model after
receiving the metrics for solely primary preference by basing
the importance order of variables off of the primary preference
of variables. For instance, if target specificity is chosen as
the primary variable, all other weightage values are reduced
so that the chosen variable has the highest weightage value.
Subsequently, these weightage values were then added together
in a way so that each possible result number corresponds to a
certain editing technique.

We then fed this value into another matrix that mimicked
the original variable choice-based one to include the profession
which calculated an editing technique based on the profession
chosen by the user. This matrix worked in a similar way to
the first matrix, but used the value from the first matrix and
added or subtracted from the value based on the profession
chosen. The final numerical value was then translated to an
editing technique. The technique was decided by using the
output from the input of the editing technique characteristic and
mimics that matrix to produce a result that takes into account
the profession’s unique requirements. Then the model’s results
are corroborated with expected results previously mentioned
through literature. However, we found that doing so made the
model now solely attuned to the profession, rather than an equal
weightage of both. The model’s results only changed when
changing the profession, and gave no weightage to the editing
characteristic chosen. To rectify this, we decided to change
the outlook of the model. Instead of trying to incorporate both
deciding factors into one model, we separated both factors and
had the model decide on a gene editing technique based on each
factor separately. Currently, the model chooses a separate gene
editing technique based on primary preference and a separate
gene editing technique based on the setting of the usage of the
editing technique, leaving the user to make a final decision based
on the two editing techniques they are shown. Though this has
solved the aforementioned problems, it does create a new issue
in that it presents the user with two editing techniques instead
of just one. Therefore, future studies could better this model
and create a more comprehensive model that finds a way to give
equal weightage to both profession and user choice to display a
single editing technique. Another flaw that exists in the model
is the emphasis on user preference, rendering it too volatile. The

model is based on reliance on subjective user data, making its
results in accordance with biased preferences. However, in the
future, with more literature precedent, this subjective user data
could be minimized in order to make the model as objective as
possible.

In the future, this model can be grown and expanded through
creating a dependent relationship between variable choice and
profession, which would require more information on how user
choice correlates or does not correlate to what their profession
is. Moreover, the utilization of this model can move beyond
the scope of genetic editing techniques, and rather may be ex-
panded to other techniques in both research and medicine. For
instance, different biological assays and their effectiveness in
various situations could be deciphered using a similar model
with paralleling logic. With the aid of the aforementioned model,
scientists are given the tools to optimize their choice in the assay
that they would perform. The logic instilled in this model cre-
ates a precedence for further models that can optimize a broader
range of scientific variants.
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