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Abstract

Polymerase Chain Reaction (PCR) is a widely used molecular biology tech-
nique to amplify DNA sequences. PCR amplification is a↵ected by factors
such as binding dynamics and primer-template interactions. This study aims
to reduce the time and cost of the experiment by predicting PCR outcomes
based on these factors. To achieve this, we first identify the most stable bind-
ing sites for each primer-template pair by calculating the Gibbs free energy.
Then, we propose a unique labelling strategy that captures primer-template
interactions in the binding sites by analyzing match and mismatch positions.
We categorize a set of English words into two semantically distinct groups:
one for match positions and another for mismatch positions. Words within
each group have a higher cosine similarity to one another than to words in the
opposing group. We assign the corresponding word to each base pair based on
whether it is a match or a mismatch. The labelled sequence is then tokenized
with BERT, serving as input to an attention Bi-LSTM model. Achieving
96.3% accuracy, this approach significantly outperforms prior methods and
pioneers BERT-based analysis in primer-template bindings.

Keywords: PCR amplification, Primer-template interaction, BERT
tokenizer, Attention Bi-LSTM

⇤
Corresponding author.

Email addresses: niloofar.latifian@gmail.com (Niloofar Latifian),

naghme93@gmail.com (Naghmeh Nazer), jafarpisheh@ee.sharif.edu (Amir Masoud

Jafarpisheh), khalaj@sharif.edu (Babak Hossein Khalaj)

Preprint submitted to Computers in Biology and Medicine November 23, 2024

.CC-BY-NC-ND 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted November 24, 2024. ; https://doi.org/10.1101/2024.11.23.624986doi: bioRxiv preprint 

https://doi.org/10.1101/2024.11.23.624986
http://creativecommons.org/licenses/by-nc-nd/4.0/


1. Introduction

Polymerase Chain Reaction (PCR) is a widely utilized molecular biol-
ogy technique that enables the exponential amplification of specific DNA
sequences. It allows researchers to generate millions or even billions of copies
of a target DNA fragment from a minimal starting sample [1]. The amplifi-
cation of a specific segment of DNA enables its analysis in various studies.
One of the recently popular and well-known applications of this process is the
detection of the coronavirus in patients [2]. The PCR process begins with
extracting a DNA template containing the target sequence, which can be
sourced from cells, tissues, or environmental samples. Once the template is
prepared, short DNA sequences called primers are designed and synthesized
to bind to regions flanking the target sequence. The primers that bind to
the antisense strand (3’ to 5’) and sense strand (5’ to 3’) are named forward
primer and reverse primer respectively. These primers act as initiation sites
for DNA synthesis. The design of specific and e�cient primers is crucial to
ensuring the successful amplification of the target sequence, as they must
precisely complement both ends of the DNA fragment to be amplified [3].

In a laboratory, several factors critically impact the success of PCR am-
plification. Parameters such as primer design, template DNA concentration,
annealing temperature, and cycle conditions must be carefully optimized for
each experiment. Important considerations in primer design include Gibbs
free energy (�G) for stable primer-template binding [4], avoiding 3’ mis-
matches to ensure proper extension [5], [6], and maintaining a balanced GC
content (ideally 40-60%) [7] to promote stable hybridization. Additionally,
secondary structures like hairpins or dimers must be minimized to ensure
proper binding [8].

Various software tools have been developed for primer design like Primer3
[9], OLIGO7 [10], and PrimerSelect [11]. These tools generate suitable
primers by analyzing the template sequence and considering various user-
input parameters. Due to the involvement of numerous parameters simul-
taneously, selecting appropriate primers is complicated and time-consuming.
Some prior works tried to optimize the PCR amplification process by select-
ing better primers [12, 13, 8] or improving its e�ciency [14, 15]. In [12, 13],
a teaching-learning-based method for selecting the best primer to bind to
the template was proposed. This approach employs iterative algorithms that
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mimic teaching and learning dynamics to refine primer selection based on
multiple criteria, potentially leading to more e↵ective and specific amplifica-
tion. In [8], An algorithm was developed to prioritize the similarity between
designed primers and their target sequences. By focusing on this crucial
aspect, the algorithm aims to enhance specificity and reduce o↵-target am-
plification. In [14], an Artificial Neural Network was designed with nine
experimental inputs of PCR experiment to estimate its e�ciency [14]. This
approach allows for more accurate predictions of amplification success based
on input conditions. In [15], a web tool was designed to identify some param-
eters that a↵ect PCR e�ciency using a statistical approach. This platform
enables researchers to systematically evaluate the impact of various factors
on amplification outcomes.

There are some parameters that may not be prioritized in the software’s
design. As a result, designed primers may fail to bind correctly to the target
template during the experiment, leading to unsuccessful amplification. Ad-
ditionally, in certain cases, researchers may aim to determine whether each
given primer-template pair will successfully amplify, based on an existing
dataset of templates and primers. In these cases, the ability to predict PCR
outcomes by precisely accounting for the parameters could greatly reduce
the time and resources spent on the PCR, which is a significant challenge
[16]. Furthermore, improving the prediction of primer binding specificity
and minimizing o↵-target amplification would decrease the likelihood of false
positives and negatives, enhancing the overall reliability of the experiment.

Despite the extensive application of PCR in molecular biology, relatively
few studies have focused specifically on predicting the outcome of PCR am-
plification. Cordaro et al utilized a random forest classifier to Predict PCR
results for a diverse set of templates ranging from human, plant, monkey,
bacteria, and plasmid DNA [16]. This study included 290 PCR reactions
consisting of 109 unique primer pairs. They considered 15 di↵erent features
of the experiment to train their model, which yielded 81% accuracy. Kronen-
berger et al also used a random forest classifier to predict PCR amplification
results based on 10 parameters a↵ecting the experiment [17]. The study fo-
cused on environmental DNA (eDNA) and paired 10 qPCR assays with 82
synthetic gene fragments. They conducted 530 specificity tests, achieving
accuracies of 92.4% with SYBR Green and 96.5% with TaqMan hydrolysis
probes. Döring et al presented a dataset of 47 immunoglobulin heavy chain
variable sequences and 20 primers [18]. They developed a logistic regres-
sion model considering 22 parameters for predicting the amplification status
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with an AUC of 95%. Kayama et al expressed the relationship between the
primer sequence and the template as a five-lettered word and then predicted
the PCR results using an RNN model [19]. They reached 80% accuracy on
a dataset of 72 PCR primers capable of amplifying 31 DNA templates. Bai
et al predicted PCR amplification results using the same dataset and same
modeling approach, with an attention Bi-LSTM gaining 82% accuracy [20].

While numerous tools exist for primer design, predictive models that con-
sider various parameters influencing PCR e�ciency—such as primer-template
interaction, reaction conditions, and the potential for non-specific binding—are
limited. Furthermore, the existing methods do not have high accuracy, and
there is still a need for improvement. On the other hand, some of these
models require examining various parameters involved in the experiments
and lack comprehensiveness. This gap highlights the need for more system-
atic approaches to predict PCR results, especially as PCR continues to be a
fundamental technique in genetic and genomic studies.

In this study, we aim to predict the outcome of PCR amplification more
accurately than previous methods. For this purpose, first, we use a fea-
ture selection method to select the most important features in predicting the
outcome. Then, we utilize a BERT tokenizer to model each match and mis-
match in primer-template binding. After all, by developing a Bidirectional
Long Short Term Memory model with an attention mechanism (Attention
Bi-LSTM) [21] we predict the amplification result with 96.3% accuracy. To
the best of our knowledge, this is the first study to use a BERT tokenizer [22]
for modeling interactions between base pairs. Our method aims to simplify
experimental workflows and improve the e�ciency of PCR-based applica-
tions.

2. Methods

2.1. Datasets and Data Prepration

To predict the outcomes of PCR, it is essential to first collect appropri-
ate data. This involves conducting and recording the results of the PCR
process on a set of primers and DNA samples, categorizing the outcomes as
either ”amplified” or ”not amplified.” There are few datasets in the scien-
tific literature that document experimental features and their final results in
this manner, particularly those that include ”not amplified” samples. In this
study, we utilized datasets provided by Döring et al [18], and Kayama et al
[19] that contain both desired outcomes.
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In the Kayama et al dataset, 72 pairs of PCR primers with lengths ranging
from 19 to 22 bp, were designed with Primer3 software to amplify 31 double-
stranded templates, with lengths ranging from 435 to 481 bases. Templates
were synthetically generated using the OE-PCR technique for partial 16S
rRNA nucleotide sequences (v6-v8). The design of primers was based on
their specificity for the corresponding templates, targeting an amplification
length of approximately 100-150 bp. It is assumed that primer-template
binding is not limited to the primer’s full length and only a part of 3’ may
bind.

It is important to note that the initial dataset is imbalanced, with ap-
proximately 75% of the data being unamplified and about 25% amplified. To
improve and comprehensively predict amplification outcomes, it is necessary
to balance the dataset before model implementation, ensuring an equal num-
ber of samples for each category. Consequently, we oversampled the minority
class in our dataset by repeating the samples. As a result the dataset contain-
ing 2,232 entries, was expanded to 3,362 entries comprising 1,681 amplified
samples and 1,681 unamplified samples.

In contrast to the Döring et al dataset, the Kayama et al dataset does
not provide direct documentation of various experimental features. The data
available in their study includes only the sequences of the template and
primers, along with the corresponding amplification results. Nevertheless,
features such as Gibbs free energy and mismatch information can be analyzed
solely based on the primer and template sequences.

2.2. Feature Selection

Given the diversity of features across the dataset, it was crucial to identify
the features that had the greatest impact on PCR amplification outcomes.
To achieve this goal, we applied a feature selection method to the Döring
et al dataset. This dataset includes data on 22 di↵erent features related
to PCR and the final amplification results. Due to the common nature of
the problem, we can select the most important features and then analyze
these features in the dataset of Kayama et al to perform prediction using
our proposed model. We used an embedded method to identify features that
significantly influenced PCR results. In this method, the subset of selected
features achieves the best accuracy when derived during the construction of a
classifier [23]. Embedded methods leverage each iteration of the model train-
ing process for feature selection, e↵ectively identifying features that provide
the greatest benefit for enhancing data training. During the training phase,
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Figure 1: Results of feature selection using Random Forest Classifier on the first dataset.

We chose the first six features as the most important features for predicting PCR ampli-

fication results.

the classifier modifies its internal parameters and assesses the appropriate
weights for each feature in order to achieve the best classification accuracy
[24]. This can be achieved using various classifiers, such as the random forest
classifier used in our study. By applying this algorithm to the dataset, we
identified several key features that are most important for predicting PCR
amplification, shown in Figure 1. While Gibbs free energy is an essential
feature that specifies the success of binding, mismatches between the primer
and template at di↵erent binding sites are also crucial. The number and lo-
cation of mismatches directly influence the stability of the binding, and thus
the amplification outcome.

2.3. Binding site identification

Primers can bind to various positions on the template, and the stability
of these bindings is determined by the Gibbs free energy (�G). The lower
the �G, the more stable the binding. Because the complementary region is
short enough, the most stable pairing is likely to be the priming position. To
identify the most stable binding position for each primer-template pair, we
should slide the primer on the template and calculate �G for each position
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Figure 2: Sliding forward and reverse primer on the corresponding template strand and

calculating the �G of each place. The place with minimum �G may be the binding

position.

of binding and choose the place with minimum �G, as shown in Figure 2.
�G is defined as below,

�G = �H � T�S. (1)

In this formula, �H and �S are enthalpy and entropy of sequence, respec-
tively. T is the annealing temperature which is 56� for this experiment. We
can calculate�H and�S using the approach presented in the study of Horne
et al [25]. In this approach for a pair of primer-template, �H is calculated by
adding up the enthalpy of each pair of neighbouring bases as shown below,

�H

✓
GTCGTCGTCAGCTCGTGCC

GCCGGGCACTCTAACGGGA

◆

=�H

✓
GT

GC

◆
+�H

✓
TC

CC

◆
+�H

✓
CG

CG

◆

+ . . .+�H

✓
GC

GG

◆
+�H

✓
CC

GA

◆
. (2)

�S can be calculated using the same way. �H and �S for each type of
neighbouring base pairs are proposed in the same study. We calculate �G

using this method for both forward and reverse primers. After this calculation
for all of the possible binding positions for each primer, we choose places for
binding positions of forward and reverse primers with minimum �G that are
at least 100 bp apart.

With the identification of the binding site which was the most significant
feature for determining the output, we can now focus on other features. As
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shown in Figure 1, one of the most important features is the primer e�ciency.
Since the primers were previously designed using Primer3, this feature has
already been evaluated and does not require further consideration at this
stage. Other important features in determining the outcome are based on
match and mismatch information, such as their number and location.

2.4. Labelling match and mismatches positions

At this point, the problem can be defined as working with sequences com-
posed of the nucleotides A, T, C, and G. In the regions where two sequences
bind, we are interested in identifying matches and mismatches. It was noted
that the primer-template binding site can be smaller than the length of the
primer. Therefore, matches or mismatches may also occur in nucleotides be-
fore or after the main binding site. Thus, we need to display each binding
position in a way that distinguishes the matched regions from mismatched
ones at the binding site and before and after it. To achieve this goal, our
idea is to use two groups of English words for 1) match places and 2) mis-
match places with a similar meaning to ”match” and ”mismatch” words. We
need meaningful similar words because after selecting these words, we will
tokenize them with a BERT tokenizer to use them as input for our attention
Bi-LSTM model.

By measuring the cosine similarities, we found the words ”match”, ”ob-
tained”, ”equal” and ”produced” suitable for match places, and the words
”mismatch”, ”discrepancy”, ”disparity” and ”misfit” suitable for mismatch
places in the binding site and non-binding site positions of forward and re-
verse primers. After these assignments, each primer-template pair will be
modeled as a sequence containing these words. An example of the labelling
of forward and reverse primer binding sites and the resulting sequence from
this process is illustrated in Figure 3. For each base pair at each position in
the forward primer’s binding to the template, we assign the corresponding
word. This process is repeated for the reverse primer. Green words indicate
the binding site of the primer to the template and black words indicate be-
fore and after the binding site. Two sequences are generated for both forward
and reverse primers. These two sequences are then concatenated to produce
the final sequence. This process is repeated for each primer-template pair
to generate the final sequence for all combinations. This labelling approach
provides a comprehensive representation of the primer-template interactions,
helping to systematically analyze primer binding specificity across di↵erent
pairs.
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Figure 3: Primer-template labelling based on matches and mismatches in each position.

We assign words to each base pair based on its class (match or mismatch), type (reverse

or forward), and position (at the binding site or before and after it. The final sequence is

generated by concatenating the labelling results for forward and reverse primers.

2.5. Data Augmentation

Since the dataset is relatively small, we employed a data augmentation
technique to enhance the generalizability of our model [26]. By systemati-
cally generating variations of the existing dataset, we increased the diversity
of training samples and enabled the model to better adapt to unseen data.
We doubled the dataset and replaced ”match” with ”pass”, ”mismatch” with
”dissidence”, ”obtained” with ”align”, and ”discrepancy” with ”dissimila-
tion” in new sequences. The Tabel 1 represents words assigned to each type
of position in the augmented dataset. For two categories of matches and
mismatches, the words of each group are more similar to each other than to
the words of the other group.

2.6. BERT Tokenizer

We used a BERT tokenizer to tokenize each sequence by its words. BERT
tokenization transforms text into tokens that represent individual words or
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Corresponding label
Primer At the binding site Before/after the binding site

Forward Match
match
pass

equal

Mismatch
mismatch
dissidence

disparity

Reverse Match
obtained
aligned

produced

Mismatch
discrepancy
dissimilation

misfit

Table 1: Words assigned to each type of primer-template bindings in the augmented

dataset

subwords, allowing the model to understand and process the text e↵ectively
[22]. This tokenization captures contextual relationships and semantic mean-
ings, which are crucial for tasks such as text classification or sequence predic-
tion in models like Bi-LSTM. We use this tokenization to capture patterns
of match and mismatches in the primer-template pairs of PCR.

3. Results

In this study, we utilized a Bi-LSTM model with attention mechanisms
to predict PCR amplification results. Bi-LSTM models are a type of Re-
current Neural Network (RNN) commonly employed in Natural Language
Processing (NLP) tasks. The bidirectional nature of a Bi-LSTM allows it
to process sequences from both ends. Like standard LSTMs, these models
can remember long-term dependencies in data. We add an attention mech-
anism that considers the importance of di↵erent parts of the input sequence
dynamically, to concentrate on more essential information and improve con-
text understanding. To guarantee the accuracy of model prediction, we used
a 5-fold cross-validation for 250 epochs. Furthermore, we did a train-test
split with a ratio of 80/20 for performance evaluation. Adam optimizer was
utilized with a start learning rate of 0.0004 and a scheduler to reduce the
learning rate when the validation accuracy stopped improving.

Accuracy, sensitivity, and specificity are employed to assess the proposed
model, each reflects the strengths of the algorithm from a particular per-
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Figure 4: Training and Validation accuracy results for 5-fold cross-validation.

spective. We have a sensitivity of 0.980 ± 0.013 for validation data and a
sensitivity of 0.977 ± 0.005 for our test data. The specificity reaches 0.931 ±
0.008 and 0.948±0.010 for validation and test data, respectively. Our devel-
oped model achieved a validation accuracy of 0.951±0.005% (averaged over
the last 100 epochs) and a test accuracy of 96.3±0.009%. Figure 4 illustrates
the training and validation accuracy results for 5-fold cross-validation.

4. Discussion

In the study of Kayama et al, Bai et al, and ours, the same dataset is
utilized. In the Kayama et al and Bai et al studies, the coded sequence is
composed of 25 English characters in lowercase and uppercase forms, based
on the position and type of nucleotide pairs. The characters used correspond
to each type of connection between nucleotides, with every five consecutive
characters forming a word. Some of these words are repeated due to their
significance. The final accuracy of the models used by Kayama et al and Bai
et al reached 80% and 82% accuracy, respectively.

In our proposed model, We presented a new labelling strategy based on
the location and number of mismatches in the forward and reverse primer-
template binding. We claim that when the aim is to identify the binding
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pattern of the primer to the template, the specific types of nucleotides in-
volved are not critical. What matters is whether the paired nucleotides are
matches or mismatches. For instance, there is no distinction between C-G
and A-T connections, as both are considered matches. Similarly, T-T and
A-A connections are both mismatches and in our proposed model, there is
no need to assign separate codes for each. The type of bases present in a
nucleotide connection only a↵ects the calculation of Gibbs free energy since
each consecutive pair of nucleotides has its own enthalpy and entropy val-
ues. In our proposed model, the calculation of Gibbs free energy occurs
before word formation. After selecting the appropriate location for primer
binding, the specific nucleotide types are no longer necessary. It su�ces to
know whether the connection is a match or a mismatch. Moreover, to em-
phasize features like closeness to the 3’ terminal for the RNN model, their
models repeat words based on their positional placement. In contrast, our
proposed model does not require such repetition of words. This is because it
labels connections between primers and templates based solely on matches
and mismatches. As a result, identifying all relevant features becomes more
straightforward, especially when we utilize a BERT tokenizer to recognize
patterns in the sequence considering their type and position. The words we
chose for each of the match and mismatch groups are more similar to each
other than the other group based on their cosine similarity. This leads to
similar meanings when we tokenize these words in the sequence. As shown
in Table 2 the accuracy in our proposed model is significantly higher with
about a 13% increase for validation data and a 9% increase for test data.
The significant di↵erence in accuracy between our model (96.3%) and that
reported in previous studies (80% and 82%) indicates that concentrating on
match-related features leads to improved prediction accuracy.

Additionally, our model shows improved specificity and, in particular, sig-
nificantly higher sensitivity compared to previous models, providing further
evidence of its superior performance. The notably increased sensitivity indi-
cates a considerable improvement in detecting true positives over prior mod-
els. As the original dataset is imbalanced, the models proposed in the prior
studies fail to detect the majority of actual positive cases, likely misclassifying
them as negatives. Kayama et al evaluated their model on a downsampled
version of the dataset, reaching a sensitivity of 75.1% and 47.1% in valida-
tion and test, respectively. Although sensitivity increases with downsampling
in their model, accuracy and specificity tend to decrease. By reducing the
number of majority class (negative) samples to balance with the minority
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Reference
Method

Validation Test

Sensitivity Specificity Accuracy Sensitivity Specificity Accuracy

Kayama et al [19]
whole data

LSTM 0.563 ± 0.062 0.882 ± 0.024 0.803 ± 0.029 0.114 ± 0.092 0.899 ± 0.022 0.862 ± 0.020

Kayama et al [19]
downsampled data

LSTM 0.751 ± 0.031 0.686 ± 0.021 0.718 ± 0.022 0.471 ± 0.092 0.661 ± 0.056 0.652 ± 0.052

Döring et al [18] Attention-BiLSTM 0.570±0.06 0.905±0.03 0.822±0.02 0.117±0.09 0.914±0.03 0.874±0.02
Current study Attention-BiLSTM 0.980 ± 0.013 0.931 ± 0.008 0.951±0.005 0.977 ± 0.005 0.948±0.010 0.963±0.009

Table 2: Comparing results with prior studies

class (positive), the model becomes more likely to misclassify majority class
samples as positive, resulting in lower accuracy and specificity.

In addition to comparing our results with studies that used the same
dataset, we reviewed other relevant works that relied on a predefined table of
features, predicting the outcome with machine learning models. Cordaro et al
[16] and Döring et al [18] have achieved accuracies of 81% and 95%. Kronen-
berger et al yielded 92.4% and 96.5% for two di↵erent types of probes in their
study. The feature-based approaches require comprehensive documentation
of all relevant features, which can be challenging, especially as new data char-
acteristics emerge. In contrast, our method circumvents this limitation by
predicting PCR outcomes directly from the template and primer sequences,
without the need for extensive feature documentation. This streamlined
approach not only simplifies the predictive process but also enhances adapt-
ability to new data, making it more e�cient and scalable.

Furthermore, the lack of augmentation in all of the prior works while hav-
ing small datasets, limits the robustness and generalizability of their models,
as small datasets can lead to overfitting. In contrast, our study incorporates
augmentation, which improves model performance and reliability, especially
in low-data settings.

5. Conclusion

In this study, we predicted PCR amplification using BERT tokenization
and an attention Bi-LSTM model. First, we identified the most important
features for the amplification result prediction based on a dataset containing
di↵erent features, which resulted in �G, primer e�ciency, and some other
features related to match and mismatch positions. By analyzing each bind-
ing place between each pair of primer and template in the dataset, we found
the place with the least �G, which is the expected binding site. The primer-
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template binding was then labelled based on matches and mismatches at
the binding site or immediately before and after it. Di↵erent words were
assigned to represent matches and mismatches at the binding site and its
adjacent positions, resulting in a unique sequence for each primer-template
combination. We then used a BERT tokenizer to tokenize each sequence
based on its words. The collection of these encoded sequences was treated
as input for an attention Bi-LSTM. By running the model on this input
data with 5-fold cross-validation, a sensitivity of 0.977 ± 0.005%, a speci-
ficity of 0.948±0.010%, and an accuracy of 96.3±0.009%, was achieved. Our
presented model not only has remarkably higher accuracy, sensitivity, and
specificity but is also simpler than the models presented in previous studies
by proposing more meaningful and applicable labelling. This approach en-
ables predictions of amplification results based solely on template and primer
sequences, thereby saving time and costs associated with conducting PCR
experiments.
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