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​​​​​​​​I​n​t​r​o​d​u​c​t​i​o​n​​
I recently introduced DNAnamer, a novel and generalized stochastic modeling and 
N-gram frequency analysis framework designed for the supervised classification and 
identification of cross-species DNA sequences. Because DNAnamer was able to accu-
rately (> 99%) and reliably identify species-specific DNA segments as small as 40 kb in 
length, I hypothesized that this framework would be ideal for developing an efficient 
and sensitive analysis toolkit for detecting biological DNA contaminants [1]. Thus, 
DNASCAN was built using DNAnamer but with many methodological advances such 
as Bayesian change-point detection, impurity estimates, and breakpoint detection. The 
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Abstract
DNA N-gram analysis methodologies have been successfully deployed to provide a 
wide range of elegant solutions to a variety of complex problems in bioinformatics, 
such as sequence alignment, DNA barcoding, the identification of functional 
gene elements, the analysis of microbial genomes, the characterization of protein 
structures, and the detection of DNA sequence artifacts. Because biological DNA 
contamination is ubiquitous and therefore unavoidable, it has a significant impact 
on genomics and genetics research, posing substantial challenges in population 
genotype calling quality, model organism research, proteomics, and clinical gene 
therapies such as recombinant adeno-associated viral vector preparations. To 
this end, I present DNASCAN, DNA Sequence Contamination Analyzer, a scalable 
and efficient algorithm designed for the high-resolution detection of biological 
contaminants within source DNA sequences. DNASCAN leverages N-gram analysis, 
supervised random forest classification, and Bayesian change-point detection to 
provide precise breakpoints and highly accurate impurity estimates. In summary, 
DNASCAN yielded 100% purity estimates and breakpoint detection accuracy rates 
at bacterial contamination levels above 0.1%. Using long-read sequencing data, 
DNASCAN detected all impurity levels above 0.025%, making it ideal for the removal 
and reconstitution of contaminated DNA sequences. The software, documentation, 
and vignettes with detailed code demonstrations are available at ​h​t​t​p​s​​:​/​/​g​i​t​​h​u​b​.​c​​o​m​/​
j​​m​a​l​0​4​0​3​/​D​N​A​S​C​A​N​/​w​i​k​i​​​​​.​​​
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sources and downstream effects of biological DNA contamination are widespread, ubiq-
uitous, and well-documented, presenting a host of challenges in the analysis of human 
and non-human DNA. Bacterial contaminants have been noted to significantly affect a 
variety of human DNA studies [2–4], resulting in the miscalling of population variants 
and genotypes, false estimations of genetic variability, and the detection of thousands 
of spurious protein structures [5–7], which makes genetic research significantly more 
costly and time-consuming. Despite these acknowledged concerns, there remains a lack 
of original methodologies for identifying biological DNA contaminants.

First, it is critical to consider the sources and scope of biological DNA contamina-
tion to recognize the impact it has on critical research in molecular genetics, genom-
ics, bioinformatics, and gene-based therapeutics. Potential sources include the presence 
of bacterial DNA contamination in ultrapure biology-grade water [8, 9], PCR reagents 
[10–12], and DNA extraction kits [13–16]. Common bacterial sources of contamination 
in human DNA include, but are not limited to, Streptococcus, Bradyrhizobium, Micro-
bacterium, Staphylococcus, Acinetobacter, and Pseudomonas [17–19]. These biological 
artifacts are ubiquitous and persistent, causing genotype heterogeneity and propagat-
ing errors throughout the many steps required to sequence and analyze human DNA. 
Of course, biological contaminants and their effects are not limited to handling human 
DNA.

Caenorhabditis elegans is a one-millimeter, transparent nematode commonly used in 
genetics research. Its transparent body and short life cycle make it an ideal model organ-
ism for a wide range of important research domains, including developmental biology, 
memory, aging, and neurodegeneration [20–23]. In the laboratory environment, C. ele-
gans is cultured on a diet of Escherichia coli [24]. As a result, E. coli contamination is 
highly prevalent in DNA experiments that use this inexpensive and indispensable model 
organism. Thus, E. coli contamination poses widespread and significant limitations to 
analyzing and interpreting the results of these genetic experiments, with one experiment 
finding a 4 kb insertion of E. coli DNA in the C. elegans reference genome [25–27].

Another burgeoning field of research plagued by sequence contamination is the study 
of the human microbiome. Microbiome-based research has revolutionized our under-
standing of the gut-brain axis, cancer development and progression, and the modula-
tion of the immune system, offering many new and promising therapeutics [28–30]. 
However, much concern remains due to the frequency and variety of microbial contami-
nants, highlighting the need for improvements in the standardization of quality control 
processes and novel methodologies to accurately detect and remove sequence contami-
nants [31–34]. As a result, several complex and expensive technologies, such as metage-
nomic sequencing, 16S rRNA gene sequencing, and other PCR-based methods, have 
been employed to better identify and describe natural sequence contaminants [35–37]. 
They are assays that can only identify contaminants but cannot remove them. One goal 
of this work is to provide a more cost-effective and accurate solution that requires only 
genotype information. Another advantage to this approach is the potential to remove 
these sequencing artifacts and improve the quality and interpretability of downstream 
genomic analyses.

To this end, I present DNASCAN, DNA Sequence Contamination Analyzer, an 
efficient and scalable toolkit for accurately detecting bacterial and biological DNA 
sequences within human and model organism DNA. Because DNASCAN is highly 
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sensitive, it provides precise breakpoints for the removal and reconstitution of affected 
DNA sequences. DNASCAN is tested and available as an R package with code examples 
and user tutorials.

Materials and methods
Data source and description

Two host organisms, C. elegans and Homo sapiens, and one bacterial species, E. coli, 
were selected to provide specific use cases, a proof of concept, and bootstrapped per-
formance metrics. The three reference genomes were downloaded from the National 
Center for Biotechnology Information’s genome resource database using the ‘biomartr’ 
package [38]. The reference genomes totaled approximately 3300 Mb (human), 100 Mb 
(C. elegans), and 186 kb (E. coli). To demonstrate DNASCAN on individually sequenced 
organisms, 10 high-quality, long-read C. elegans whole-genome assemblies were down-
loaded from the Sequence Read Archive. Each genome contained approximately 400 Mb 
of DNA sequence. Pacific Biosciences’ RSII platform was used to construct high-quality 
reads at 80 × coverage, averaging approximately 760 kb in length [39].

Experimental design

A graphical illustration of the DNASCAN methodology and the in silico experimental 
design is provided in Fig. 1, where the left and middle panels describe the three primary 
analytical components: N-gram frequency analysis, supervised random forest (RF) clas-
sification, and Bayesian change-point detection. This study design consists of two main 
experiments. The first experiment was a proof of concept and was performed by ran-
domly selecting and spiking in E. coli DNA segments at four impurity percentages [0.5, 
1, 2.5, and 5%] into the entire reference genome of C. elegans. These spiked-in fragment 
sizes of E. coli DNA ranged from 100 to 500 kb. Next, fifth-order N-gram frequency 
tables were calculated for each segment with the contaminated sequence inserted. The 

Fig. 1  A graphical abstract of the methodology and experimental design. An illustration of the DNASCAN (DNA 
Sequence Contamination Analyzer) methodology is provided, where two simple examples of second-order DNA 
N-gram sequences and frequency tables are given (left panel). REF denotes the sequence of the targeted refer-
ence species, whereas MUT denotes the contaminated sequence. The NCBI reference genome for each species 
was divided into equal-length training and test sets. The training set was used to train a random forest model and 
then calculate the probability of unique, contaminated sequence segments spiked in across the entire reference 
genome. Bayesian change-point analysis with a variable sliding window provides high detection accuracy, precise 
breakpoints, and impurity estimations (middle panel). As proof of concept, two experiments were performed to 
validate this methodology. First, E. coli sequences were spiked into the reference organism, C. elegans, at impurity 
levels of 0.5, 1, 2, and 5%. Second, E. coli sequences were spiked into 50Mb chunks of the human genome (right 
panel). 200 bootstraps were performed with E. coli segments ranging from 2.5 to 50 kb in length
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RF model was then used to predict the probability distribution of each N-gram fre-
quency matrix. The probability is the cumulative proportion of votes in the forest, or 
ensemble [40]. Bayesian change-point detection was employed to estimate impurity 
rates and determine precise breakpoint locations. To gauge the accuracy and resolution 
of this methodology at scale, a bootstrap analysis was by randomly selecting segments 
of the human reference genome and spiking in E. coli segments at impurity rates of 0.05, 
0.1, 0.5, and 1%. Fifth-order N-gram analysis was used for all experiments, including the 
C. elegans’ reference genome and ten long-read samples. All analyses were performed 
using the R statistical language version 4.4.0 [41].

Model training and tuning

DNA sequences were randomly sampled across the entire reference genome of each spe-
cies to create evenly balanced training sets, each consisting of continuous sequence seg-
ments. Specifically, all training and test segments were equal in length, did not overlap, 
and ranged from 2.5 to 50 kb in length. N-gram frequency distribution priors were cal-
culated using the RF method on only the training data. N-gram frequencies were neither 
filtered nor normalized. All 1360 5th-order N-grams were used for training and testing. 
The validation, or test, sets consisted of continuous DNA segments and were used to 
classify segments using N-gram frequency probability tables. A sensitivity analysis was 
conducted to optimize this model by varying the number of trees from 100 to 5000 while 
holding all other parameters constant. In summary, 2000 trees provided the most stable 
performance without drastically increasing the processing time. The number of per-
mutations represents the number of out-of-bag (OOB) recursions performed per tree, 
which was used to assess variable importance and perform bootstrapping to estimate 
in-sample accuracy and error. The mtry parameter specifies the maximum number of 
input features or variables available to a decision tree. 222 input features per split were 
optimal. An mtry value of 222 was determined using R’s ‘caret’ package. ‘Caret’ provides 
a bootstrapping procedure that gives the optimal mtry value [42]. Variable importance 
was computed using OOB sample bootstrapping to determine the mean decrease accu-
racy of each independent variable, or sequence N-gram, which is based on how much 
the accuracy decreased when the variable was excluded throughout the bootstrapping 
process.

Classification using the random forest methodology

The random forest methodology [43] is a highly versatile and effective regression and 
classification model for a variety of biomedical and genomic applications [44–47] which 
has been successfully employed to perform DNA barcoding [48–50]. The RF model 
was used to calculate N-gram frequency priors using only training sequence sets. For 
prediction, the RF model was leveraged to provide probability estimates for all N-gram 
frequency tables. All experiments were performed under the same parameters, or ini-
tial conditions. Namely, a maximum of 2000 decision trees was specified with 100 per-
mutations and an mtry of 222. The number of decision trees represents the number of 
decision nodes produced for each model, which presents a trade-off between prediction 
accuracy and computational efficiency [51].
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In silico spike-in analysis

For proof of concept, five random locations were selected along the C. elegans and 
human reference genomes. Five adjoining segments of E. coli DNA were inserted at the 
center of each randomly selected spike-in location, with segment lengths ranging from 
100 to 500 kb. For example, at 1% impurity, 100 kb of E. coli. sequence was inserted into 
100 Mb of C. elegans sequence. For the second experiment, the human genome was 
divided into 50 Mb segments. Spike-in segments ranged from 2.5 to 50 kb at impurity 
levels of 0.1, 0.05, and 0.025%.

Bayesian change-point analysis

Bayesian change-point detection and time-series decomposition were performed on 
the probability estimates given by the RF model using ‘Rbeast,’ or Bayesian Estimator of 
Abrupt change, Seasonality, and Trend [52]. ‘Rbeast’ is based on Bayes’ theorem (Eq. 1) 
and is fast and extensible, offering accurate posterior probabilities using the Bayesian 
model averaging (BMA) equation (Eq. 2). Here, P(θ | y) is the posterior distribution for 
the parameter θ given the observed data y, where θ represents the probability of contam-
ination for a given DNA sequence segment. P(θ | Mj, y) is the posterior distribution for 
the parameter θ given the model Mj and the observed data, y. P(Mj | y) is the posterior 
probability of model Mj given the observed data y, which represents the weight assigned 
to each model. BMA doesn’t assume a best model but rather accounts for uncertainty by 
averaging all models.

Bayes′ Theorum = P (A|B) = P (B|A) ∗ P (A)
P (B) � (1)

BMA = P (θ|y) =
J∑

j=1
P (θ|Mj , y) ∗ p(Mj |y) � (2)

Impurity estimation

Sequence impurity was estimated using Eq.  3 to determine the number of impure 
sequence segments, where No. Impure Segments was equal to the sum of segments (θ) 
with a posterior probability greater than 0.5 (P (θ|y) > 0.5). Finally, the Percent Impu-
rity (Eq. 4) was equal to the No. Impure Segments multiplied by the segment length of the 
MUT sequence divided by the total REF sequence and multiplied by 100. For example, 
given a total of 1 Mb of reference sequence length and a contaminant sequence segment 
size of 10 kb, an additional 1% impurity is added for each additional impure segment.

No. Impure Segments = P (θ|y) > 0.5 =
J∑

j=1

{ 1, θ = θ + θj
0, 0

}
� (3)

Percent Impurity = No. Impure Segments ∗ Segment LengthMUT

Total SequenceREF
∗ 100� (4)

Breakpoint detection and accuracy

Left and right breakpoints were provided for all bacterial DNA sequence fragments 
identified, or those with a posterior probability below 0.5. Breakpoint detection accuracy 
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Fig. 2 (See legend on next page.)
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was defined as the absolute value of the location of the mutant sequence subtracted from 
the location of the target reference sequence for both left and right breakpoints. Thus, 
accuracy represents the absolute distance of the overlap of both the left and right bound-
aries, where 100% overlap is equal to 100% accuracy.

Benchmark analysis

Finally, computational performance benchmarking was performed on the human ref-
erence genome. Total runtimes (seconds) and the total memory allocated (GB) were 
recorded on a 2.4 GHz 8-Core Intel Core i9 processor with 64GB of available memory. 
Performance benchmarks were provided for all necessary functions and the five DNA 
segment lengths. 100 Mb of DNA sequences were processed for each of the benchmark 
experiments. Fifth-order N-gram analysis was performed to provide a realistic estima-
tion of the computational resources required to replicate these experiments.

Results
DNASCAN

The DNA Sequence Contamination Analyzer (DNASCAN) is a novel N-gram fre-
quency analysis framework for the supervised classification of cross-contaminated DNA 
sequences and is available as an R software package. Documentation and vignettes with 
detailed code demonstrations are available at ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​j​m​a​l​0​4​0​3​/​D​N​A​S​C​A​N​
/​w​i​k​i​​​​​. All experiments performed herein can be reproduced. In summary, DNASCAN 
provides an extensible methodology and efficient analysis toolkit to accurately detect 
contaminants, estimate impurity rates, and locate precise breakpoints. Figure 2 provides 
a high-level summary of DNASCAN’s required inputs, outputs, results, and computa-
tional benchmarks.

Proof of concept using the C. elegans reference genome

Figure 3 provides a summary of the results for each in silico spike-in experiment, with 
the experimental parameters, randomly selected spike-in locations, and impurity esti-
mations for each test provided in the left panel. The right panel provides the trend plots 
[23] of the probability of detecting a sequence from the C. elegans genome, provided by 
the random forest model. The posterior probability of detecting a change-point in the 
N-gram frequencies, or Pr(tcp), is provided along the bottom axis in light green. Spike-
in segments ranged from 100 to 500 kb in length at impurity levels of 0.5, 1, 2.5, and 
5%. In summary, DNASCAN was able to identify all twenty E. coli sequences that were 
spiked into the C. elegans genome.

(See figure on previous page.)
Fig. 2  Software workflow diagram of the DNASCAN methodology. To summarize DNASCAN’s required inputs, out-
puts, results, and performance, a workflow diagram is provided, with four high-level components: inputs, outputs, 
accuracy, and computational performance. DNASCAN requires a reference genome or WGS sequence. It can be 
used to detect contaminants in any well-genotyped data. These genome assemblies were then used to construct 
N-gram frequency tables and train the random forest model. The user provides DNA sequences as input in FASTQ 
or text format. DNASCAN provides the estimated bacterial impurity percentage, breakpoint locations, and pos-
terior probability plots. In summary, DNASCAN detected 100% of spiked-in bacterial DNA sequences at impurity 
rates of 0.5%. Finally, DNASCAN is relatively fast and efficient, with a total runtime of approximately one minute

https://github.com/jmal0403/DNASCAN/wiki
https://github.com/jmal0403/DNASCAN/wiki
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Impurity and breakpoint accuracy in the human genome

Figure 4 provides a summary of the results for each in silico spike-in experiment, with 
the experimental parameters, impurity estimations, and breakpoint detection error 
metrics. The mean impurity estimations and breakpoint detection accuracy metrics 
are provided (left panel). 200 bootstraps, which were run for each impurity rate, were 
performed by randomly selecting and spiking impurities into each 50 Mb reference 
sequence, totaling 10 billion base pairs of human DNA sequence analyzed. In summary, 
all contamination levels greater than 0.1% yielded an estimated impurity and breakpoint 
detection accuracy of 100%. Performance for 0.05% targeted impurity varied. Mean 
impurity estimates ranged from 2 to 11%, with a mean estimate of 7.83% (SD = 0.32%). 
Notably, all 200 estimates showed at least 2% contamination. The mean absolute break-
point detection error was excellent at 0.29%. Finally, at a targeted impurity of 0.025%, 
impurity estimates ranged from 0.6 to 11%, with a mean of 6.96% (SD = 0.0375). Again, 
all 200 runs produced an impurity estimate of at least 0.6%. Breakpoint detection error 
rates were significantly higher.

Impurity and breakpoint accuracy in C. elegans genome

Figure 5 provides a summary of the results for each in silico spike-in experiment, with 
the experimental parameters, impurity estimations, and breakpoint detection error 
metrics. All performance metrics reported are the average of the ten WGS samples. All 
prior experiments were repeated for ten long-read C. elegans whole-genome de novo 

Fig. 3  DNASCAN for E. coli contamination in the C. elegans reference genome. Four impurity levels (horizontal 
panels) were tested, with in silico spike-in segments inserted in the C. elegans reference genome, ranging from 
100 to 500 kb in length at impurity levels of 0.5, 1, 2.5, and 5%. 200 bootstraps were performed for all impurity lev-
els. Five spike-in locations (shown as red boxes) were randomly chosen and inserted into the C. elegans genome. 
Experimental parameters, randomly selected spike-in locations (x-axis), and impurity estimations for each test are 
provided in the left panel. The right panel provides trend plots of the probability of detecting (y-axis) a sequence 
from the C. elegans genome, based on a priori N-gram frequencies provided by the random forest model. The pos-
terior probabilities of detecting a change-point in the N-gram frequencies, or Pr(tcp), are provided along the x-axis 
and are colored in light green. A posterior probability of less than 0.5 was used to classify a contaminated sequence
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assemblies. The mean impurity estimations and breakpoint detection accuracy metrics 
are provided (left panel). 200 bootstraps across ten samples, which were run for each 
impurity rate, were performed by randomly selecting and spiking impurities into each 
50 Mb reference sequence, totaling 10 billion base pairs of DNA sequence analyzed. 
In summary, all contamination levels greater than 0.025% yielded an estimated impu-
rity and breakpoint detection accuracy of 100%. Performance for a targeted impurity of 
0.025% varied. Mean impurity estimates ranged from 0 to 0.005%, with a mean estimate 
of 0.005% (SD = 0.0001%). The mean absolute breakpoint detection error was excellent at 
8%. The absolute impurity error rate was 2.45%.

Computational performance benchmarking

Table 1 summarizes the computational performance benchmarks for fifth-order N-gram 
analysis. Fifth-order N-grams were used to provide an approximation of this model’s 
computational performance using a total of 100 Mb of DNA sequence for each bench-
mark. Three functions were required to perform supervised classification. They were 
getSequence(), getFreqDF(), and runDNASCAN(). The getSequence() function randomly 
selected and constructed the contiguous DNA segments. On average, this function 

Fig. 4  DNASCAN for E. coli contamination in the human reference genome. Three impurity levels (horizontal pan-
els) are shown, with in silico spike-in segments ranging from 2.5 to 50 kb in length at impurity levels of 0.1, 0.05, 
and 0.025%. 200 bootstrap simulations per experiment were executed, and five spike-in locations were randomly 
selected and inserted into the human reference genome. Means and standard deviations for the impurity esti-
mation and breakpoint accuracy were provided. The right panel shows quantile–quantile plots for impurity and 
breakpoint estimations. A posterior probability of less than 0.5 was used to classify a contaminated sequence
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Table 1  Computational performance benchmarks for fifth-order N-gram analysis
Function Segment length (kB) Total runtime (seconds) Core seconds Maximum memory (GB)
getSequence 10 19.2 2.40 4.75

getSequence 20 18.7 2.34 4.77

getSequence 40 18.8 2.35 4.74

getSequence 80 18.5 2.31 4.77

getSequence 100 18.9 2.36 4.76

getFreqDF 10 69.6 8.70 32.3

getFreqDF 20 45.4 5.68 16.7

getFreqDF 40 34.4 4.30 12.7

getFreqDF 80 32.6 4.08 11.7

getFreqDF 100 30.8 3.85 11.5

runDNASCAN 10 0.1 5.53 0.01

runDNASCAN 20 0.08 0.01 0.01

runDNASCAN 40 0.08 0.01 0.01

runDNASCAN 80 0.04 0.005 0.01

runDNASCAN 100 0.01 0.0013 0.01
*Core Seconds are equal to the Total Runtime divided by the number of processing cores (n = 8)

Fig. 5  DNASCAN for E. coli contamination in C. elegans whole genome. All experiments were repeated using 10 
high-quality, long-read C. elegans whole-genome assemblies downloaded from the Sequence Read Archive. All 
performance metrics reported are the average of the ten samples. Specifically, three impurity levels (horizontal 
panels) are shown, with in silico spike-in segments ranging from 2.5 to 50 kb in length at impurity levels of 0.1, 
0.05, and 0.025%. 200 bootstrap simulations per experiment were executed, and five spike-in locations were ran-
domly selected and inserted into these genomes. Means and standard deviations for the impurity estimation and 
breakpoint accuracy were provided. The right panel provides quantile–quantile plots for impurity and breakpoint 
estimations
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required 19 s to process 20 MB of DNA using 4.7GB of memory. The getFreqDF() func-
tion calculated the N-gram frequency tables and required between 30 and 50 s to com-
plete while using 12 to 32 GB of memory. This function’s runtime and memory increased 
with the number of tests, as expected with a larger matrix. Finally, the runDNASCAN() 
function calculated impurity estimations and required less than 1 s to process using less 
than 10 MB of memory. The average combined processing time for a fifth-order binary 
classification experiment was only 60 s. Core Seconds are equal to the Total Runtime 
divided by the number of processing cores (n = 8).

Discussion
DNASCAN provides an efficient, accurate, and extensible methodology and statistical 
analysis toolkit designed to tackle a broad range of complex and computationally expen-
sive regression and classification problems applicable to biomedical sciences, genomics, 
and genetics. This methodology achieves high levels of classification accuracy using only 
genotype information as the input. This innovative toolkit for stochastic modeling and 
machine learning has been validated and documented and is available as a complete and 
well-tested R package.

To establish theoretical feasibility, a number of fundamental assumptions and hypoth-
eses have been addressed. Specifically, it has been demonstrated that relatively small 
training sets of bacterial DNA sequences can be efficiently leveraged to optimize the 
detection of biological sequence contaminants across a wide range of organisms of 
varying taxonomic distances, offering flexibility and extensibility to this approach. It 
is important to note that the E. coli reference genome totals 186 kb in length. Because 
N-gram analysis offers a rich variable space by providing a numerical representation of 
natural sequence structures and complex syntax patterns encoded in DNA, it is ideal 
for the identification of cross-species DNA artifacts. Further, Bayesian change-point 
detection complements this probabilistic classification methodology and offers precise 
and reliable breakpoint detection and accuracy at relatively low contamination rates. 
Throughout the next several paragraphs, I will further emphasize the three most impor-
tant functional design aspects of DNASCAN, with a particular emphasis on continued 
application and the improvement of DNA sequence quality and its impact on science. To 
provide additional feasibility and a practical example using WGS data, E. coli sequences 
were spiked into ten WGS C. elegans assemblies. DNASCAN performed slightly better 
using WGS as compared to the reference genome.

The primary design consideration of DNASCAN was extensibility to the types of spe-
cies it can analyze, making the scope of its use much broader. Using the DNAnamer algo-
rithm, five mammalian species were efficiently barcoded and accurately classified using 
(> 99%) 100 kb DNA fragments. In this experiment, the increased taxonomic distance 
between C. elegans and E. coli appears to have increased statistical discrimination, made 
evident by the small amount of training data required to detect contaminants. Second, 
DNASCAN was designed for flexibility in terms of the data it can analyze. DNASCAN 
can be employed to detect bacterial sequence contamination in paired or unpaired and 
unaligned sequencing reads, such as in FASTQ files. Given that DNASCAN detected 
all contaminants in WGS data using sequence lengths of 5 kb and greater, it is recom-
mended that the user specify segment lengths of 5 kb or greater. This allows for the 
filtering of sequence reads before sequence alignment, since misalignments are very 
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common and thus making this tool useful. Finally, DNASCAN works seamlessly with 
existing variant callers and genotype quality control. DNASCAN’s ability to work in par-
allel with existing genotype QC software tools also provides a consensus quality con-
trol approach, proven to be ideal for genotype quality control [53–56]. This extends the 
scope of DNASCAN’s biological applications by allowing users to easily train models 
and classify DNA sequences for any species with sufficient genotype information.

The next major design consideration of DNASCAN was classification accuracy. In 
summary, for the proof-of-concept experiment, DNASCAN correctly identified all 
twenty variants spiked into the C. elegans reference genome at impurity levels of 0.5, 
1, 2.5, and 5%. This provided a 100% detection accuracy across a total of 100 tests. 
When examining the human reference genome, all impurity levels ranging from 0.1 
to 1% yielded 100% content and breakpoint detection accuracy. 200 bootstrap simula-
tions were performed for each impurity level to determine the estimated impurity and 
breakpoint accuracy metrics. At impurity rates of 0.05 and 0.025%, all 400 sequences 
with mutant sequences spiked in were correctly identified, despite the fact that impurity 
estimates and breakpoint predictions varied. For example, at 0.05% impurity, the mean 
breakpoint error was only 0.29%. However, this increased to 75% at 0.025% impurity. 
Because human genomes are broken down into many thousands of segments so they can 
be efficiently processed, DNASCAN’s segment analysis window can be tailored to the 
specific needs of the user. For example, if a user needs to analyze 500 Mb of total source 
DNA sequence, then, given an assumed impurity rate of 0.1%, a segment window of 50 
kb should provide 100% detection accuracy for a given bacterial species.

It is also important to contrast DNASCAN against similar software tools and method-
ologies that are currently available. FASTQC is a popular software toolkit for detecting 
a number of genotype quality checks, including read duplication, adapter contamina-
tion, and over-represented sequences, which are all forms of potential DNA sequence 
contamination [57]. Popular DNA sequence quality control tools such as Falco [58] and 
‘fastp’ [59] are fast and reliable; however, their algorithms rely on indirect methods to 
identify potential sequence contamination, and they do not provide precise breakpoints. 
Namely, the FASTQC methodology aggregates summary statistics related to GC con-
tent and static repeat structures to formulate its heuristics. Whereas DNASCAN lever-
ages high-dimension priors, Bayesian change-point detection, and machine learning to 
maximize detection accuracy. All of the aforementioned software tools provide impu-
rity estimates. Another distinct advantage of DNASCAN over traditional methods is its 
ability to provide precise breakpoints. DeconSeq is a software tool that can detect and 
remove contaminated DNA sequences by querying each sequence read against many 
large genomics and metagenomics databases [60]. Although sometimes useful, Decon-
Seq methodology is not computationally efficient, as it relies on recursive queries of 
large databases. Whereas DNASCAN was designed to use minimal information entropy. 
When dealing with vast amounts of information such as whole genome assemblies, it is 
preferred that the minimum information be used to achieve a satisfactory and scalable 
result, as has been demonstrated by information theorists and mathematicians.

Finally, application and integration were the practical motivations for this work. As 
previously discussed, unavoidable biological sequence artifacts have a significant impact 
on genomics and genetics research which impedes the development of safe and effec-
tive biologics and therapeutics. I have highlighted two such domains of research that are 
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significantly curtailed by sequence contamination. In the analysis of the human micro-
biome, sequence contamination has led to skewed results, flawed estimations of micro-
bial community compositions, and contradictory findings. To date, the Food and Drug 
Administration has approved two microbiome-based therapies, Rebyota and Vowst, fed-
erally approved fecal microbiota treatments that are used to prevent the recurrence of 
the Clostridioides difficile infection. Microbiota treatments aim to restore the balance of 
the gut microbiome, improving patient survival in cases where antibiotics have not been 
successful in stopping infection. Further, as many bacterial species become resistant to 
traditional antibiotics, new approaches to restoring immune health will be needed to 
prevent excess mortality, especially in older populations. Despite the potential for the 
propagation of experimental errors, removing contaminated sequences remains a value-
based judgement call.

Finally, DNA contamination continues to impede some of the most promising and 
novel gene therapies, recombinant adeno-associated virus (rAAV) preparations. While 
these have been successful as delivery vectors for many gene therapies, the contamina-
tion poses significant challenges to advancing the application of gene therapies, particu-
larly regarding patient safety and efficacy. To date, the FDA has approved at least seven 
unique rAAV gene therapies designed to treat a range of medical conditions from retinal 
dystrophy to hemophilia. In 2024, the FDA approved Kebilidi, a gene therapy for the 
treatment of Aromatic L-amino Acid Decarboxylase deficiency. In summary, DNA con-
tamination is unavoidable and must be given greater priority to facilitate the adoption of 
novel and lifesaving gene therapies [61–63]. It is also important to remember that these 
technologies for identifying and removing DNA contaminants are still advancing and 
will take considerable time and effort to improve to a higher standard. DNASCAN is 
only one step to doing so. Nonetheless, these concerns continue to hamper the adoption 
of this promising and potentially lifesaving treatment [61–63].

Like all models, this one has both strengths and limitations. A major limitation is the 
lack of WGS with a known, or contrived, level of bacterial sequence contamination. 
Also, this experiment did not evaluate DNASCAN’s performance using multiple sources 
of bacterial contamination. Another limitation of this toolkit is that it used 32GB of 
memory to calculate the largest N-gram frequency table. While not ideal, it can easily 
run on a modern laptop computer. The computational performance of DNASCAN can 
be improved by utilizing parallel processing and data reduction techniques. Further-
more, this algorithm’s detection limit can be improved by increasing the size of the train-
ing data sets and exploring more advanced model optimization and parameter tuning 
options. However, these considerations are not necessary for excellent detection accu-
racy. Among this model’s main strengths are efficiency, accuracy, and scalability. In an 
era of ‘big data,’ it is critical to remember that more data does not necessarily imply more 
meaning. Rather, we must continue to drill down into the marvelous complexity of DNA 
by deconstructing its highly organized syntax structures so that we may sift through its 
many layers of information to increase our unders.
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