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Abstract 

The continuing emergence of SARS-CoV-2 variants of concern (VOCs) presents a serious 

public health threat, exacerbating the effects of the COVID19 pandemic.  Although millions 

of genomes have been deposited in public archives since the start of the pandemic, 

predicting SARS-CoV-2 clinical characteristics from the genome sequence remains 

challenging.  In this study, we used a collection of over 29,000 high quality SARS-CoV-2 

genomes to build machine learning models for predicting clinical detection cycle threshold 

(Ct) values, which correspond with viral load.  After evaluating several machine learning 

methods and parameters, our best model was a random forest regressor that used 10-mer 

oligonucleotides as features and achieved an R2 score of 0.521 ± 0.010 (95% confidence 

interval over 5 folds) and an RMSE of 5.7 ± 0.034, demonstrating the ability of the models 

to detect the presence of a signal in the genomic data.  In an attempt to predict Ct values for 

newly emerging variants, we predicted Ct values for Omicron variants using models trained 

on previous variants.  We found that approximately 5% of the data in the model needed to 

be from the new variant in order to learn its Ct values.  Finally, to understand how the 

model is working, we evaluated the top features and found that the model is using a 

multitude of k-mers from across the genome to make the predictions.  However, when we 

looked at the top k-mers that occurred most frequently across the set of genomes, we 

observed a clustering of k-mers that span spike protein regions corresponding with key 

variations that are hallmarks of the VOCs including G339, K417, L452, N501, and P681, 

indicating that these sites are informative in the model and may impact the Ct values that 

are observed in clinical samples.  
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Introduction 

The COVID-19 pandemic, caused by severe acute respiratory syndrome coronavirus 2 

(SARS-CoV-2), has had an extreme public health impact over the last three years.  Since its 

emergence, it has caused over 625 million confirmed cases and over 6 million deaths 

worldwide (1).  The SARS-CoV-2 virus has evolved over time to become more 

transmissible, resulting in new variants of concern (VOCs) causing successive waves of 

infection (2, 3).  This sequential and ongoing emergence of VOCs, such as those observed in 

late 2020 with Alpha, followed by Delta, and continuing into 2022 with Omicron (4), 

presents a substantial public health threat.  Despite this, the identification of new VOCs 

usually occurs only after there is community transmission of the new variant, hampering 

efforts to control viral spread (5, 6). 

 

Clinical testing has played an important role in the pandemic response, enabling early 

identification and intervention.  Real-time reverse-transcription polymerase chain reaction 

(RT-PCR) tests are the gold standard molecular diagnostic for detecting SARS-CoV-2 (7).  

The viral RNA in a patient sample, most commonly collected via a nasal swab, is converted 

to DNA by reverse transcription, and then amplified via PCR until the resulting SARS-CoV-2 

cDNA is detectable.  The Cycle Threshold (Ct) value of a positive SARS-CoV-2 test is the 

number of rounds of PCR amplification that are necessary for the amplified sequence to 

reach the point where it becomes detectable by the clinical detection instrument.  Although 

there are many factors that can influence the Ct value observed in a clinical test including 

time since infection, sample preparation and quality, and differences in detection reactions 

and instruments (8), Ct values tend to be inversely correlated with viral load, providing a 

useful approximation of the viral RNA in a patient sample (9-11). 

 

Ct values can also serve as a valuable source of epidemiological data.  For example, Ct 

values for cross-sectional samples collected from patient populations over a given time 

period are often indicative of the state of the epidemic, with lower average Ct values 

indicating a growing pandemic (12-14).  Similar studies have also found that cross-

sectional trends in Ct values can act as indicators of the future trajectory of the pandemic 

(15, 16).  At the patient level, Ct values have been shown to provide a good estimate of how 

long a patient will remain contagious (10, 17, 18), and several studies have shown that 

lower Ct values (i.e., higher viral loads) can be correlated with symptomatic infection, 

morbidity, and mortality (9, 14, 19, 20).  Higher viral loads and increased transmissibility 

have been reported for each successive VOC as it has emerged, including the Alpha, Delta, 

and Omicron variants (21-23).  Several mutations found in these VOCs, such as D614G and 

P681R in the spike protein, are linked with increased viral loads and lower Ct values (24-

26).   

 

Because VOCs significantly alter the course of the pandemic and threaten the efficacy of 

current treatment methods, developing tools for the early identification of mutations that 

could lead to increased transmissibility is important.  Such early identification could enable 

prompt clinical responses to greatly limit, or even prevent, the spread and effect of the new 

variant.  Genomic surveillance studies have aggregated data from public repositories to 

develop models to identify mutations involved in transmissibility and identify notable 
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variants with the potential to spread (6, 24, 27, 28).  Similarly, studies analyzing whole 

genome and individual protein sequences using statistical and machine learning methods 

have also been developed to predict disease severity (29), vaccine targets (28, 30), 

transmissibility (27), and future variants of concern (31-33).   

 

Although the published literature is indicating that Ct values for positive SARS-CoV-2 

samples are valuable epidemiological metadata, they are rarely reported with deposited 

genome sequences.  This has subsequently limited their use as features in predictive 

modelling studies.  Over the course of the pandemic, the Houston Methodist Hospital 

System has been attempting to sequence every positive SARS-CoV-2 clinical sample from 

their centralized diagnostic laboratory (34-38).  In this study, we use over 29,000 high 

quality SARS-CoV-2 genome sequences from this collection, paired with their Ct values 

from clinical detection instruments, to determine if machine learning models built from the 

genome sequences can predict Ct values and indicate important mutational sites 

influencing viral loads. 
 
 
Materials and Methods 

Data collection 

A total of 29,272 SARS-CoV-2 genome sequences were used in this study. The sequences 

were collected across the Houston Methodist Hospital system and from institutions using 

the Houston Methodists diagnostic laboratory services between May 15, 2020 and January 

14, 2022.  Nearly all samples were collected from nasopharyngeal swabs immersed in 

universal transport media.  Oropharyngeal or nasal swabs, bronchoalveolar lavage fluid, 

and sputum treated with dithiothreitol were used in rare cases.  All samples were collected 

with patient consent and Institutional Review Board approval from the Houston Methodist 

Research Institute (IRB1010-0199).  Positive clinical samples and Ct values were generated 

on multiple clinical detection platforms.  The dataset in this study is comprised of Ct values 

from three detection systems: the Abbott Alinity m SARS-CoV-2 AMP kit (Abbot Molecular 

Inc., Des Planes, IL, USA), the SARS-CoV-2 Assay using the Hologic Panther instrument 

(Hologic, Marlborough, MA), and the Xpert Xpress SARS-CoV-2 test using Cepheid 

GeneXpert Infinity or Cepheid GeneXpert Xpress IV instruments (Cepheid, Sunnyvale, CA).   

 

Upon clinical detection, samples were amplified for sequencing using either the ARTIC V3, 

V4, or V4.1 primers (V4 for collection dates after July 28, 2021, and V4.1 for collection dates 

after Jan 5, 2022)(https://artic.network/ncov-2019) using methods described previously 

(34-36) (Table S1).  Nearly all of the genomes were sequenced using an Illumina NovaSeq 

6000 instrument.  Two hundred sixty-eight samples were sequenced on an Illumina HiSeq, 

and 989 of the samples were sequenced using an Oxford Nanopore GridION instrument.  

Genomes were assembled with the BV-BRC SARS-CoV-2 assembly service 

(39)(https://www.bv-brc.org/app/ComprehensiveSARS2Analysis), which performs a 

reference-based assembly against the Wuhan-Hu-1 reference genome (GenBank ID: 

MN908947.3).  The pipeline uses minimap version 2.143 (40) for aligning reads against the 

reference and iVar version 1.2.2 for primer trimming and SNP calling (41).  Default 
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parameters were used in all cases except that the maximum read depth in mpileup (42) 

was limited to 8,000, and the minimum read depth was set to 3 in iVar.  All variants were 

identified using Pangolin version 3.1.17 (https://cov-

lineages.org/resources/pangolin.html) with pangolearn (2022-02-02).   

 

Genome quality filtering 

The set of 29,272 genomes, each sampled from a unique patient, was down selected from a 

larger set of approximately 70,000 sequenced genomes in order reduce the effects of 

ambiguous nucleotide calls on the models.  To do this, the average read depth at every 

position in the Wuhan-Hu-1 reference genome was computed across the larger set of 

genomes, and any position with an average depth lower than 10 was masked with an N 

character.  The depth 10 cutoff was chosen by evaluating models with depth masking 

ranging from 0 to 40 and choosing the cutoff that maximized masking and minimized the 

loss in model accuracy (Table S2).  This resulted in the masking of 56 positions in in every 

genome.  These included positions 22029-22033, 22340-22367, 22897, 22899-22905, and 

23108-23122, which correspond with spike amino acid positions 156, 157, 260-269, 445-

448, and 516-520.  The low average coverage in this region of spike is likely the result of 

poor priming.  The first and last 100 nucleotides in each genome were also masked to 

prevent jagged edges from creating variation that could be incorrectly learned by the 

models.  Overall, this resulted in a total of 256 masked positions in each genome sequence.  

If any genome had greater than 500 ambiguous characters in addition to this initial set of 

256 masked positions, it was discarded.  
 
Feature matrix construction  

In order to train a model on SARS-CoV-2 genome sequences, a matrix of nucleotide k-mers 

was constructed consistent with the methodology of Nguyen et al. (43).  Briefly, the 

frequency of unique overlapping nucleotide 10-mers was computed for every genome 

using the k-mer counting program KMC (version 3.0.0) (44).  KMC considers each strand of 

the k-mer and retains the lexicographically highest “canonical” k-mer.  A matrix was 

constructed with features consisting of the frequency of all unique 10-mers occurring 

across all genomes. Each row of the matrix represents one viral sample and contains the 

frequencies of each 10-mer (0 if the 10-mer is not present in the genome) and a one-hot 

encoding representing the detection instrument. 
 
Model generation and evaluation 

Unless otherwise stated, all models were generated using random forest regression from 

scikit-learn (version 1.0.2) (45) to predict Ct-values from the k-mer matrix.  Random forest 

regression was chosen based on a comparison with XGBoost and logistic regression using 

default parameters and a set of informed parameters for each method (Table S3).  A 2k 

factorial design was used to determine the importance of four hyperparameters in the 

random forest models: number of trees, tree depth, row subsampling, and column 

subsampling (46) (Table S4).  Three hyperparameters were found to be important: 

number of trees, tree depth, and row subsampling.  Hyperparameter tuning was carried out 

via grid search to identify the optimal values for each hyperparameter (Table S5).  The 
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final hyperparameters chosen for the random forest model were: none for tree depth, 400 

for number of trees, and 0.25 for row subsampling, with all other parameters set at the 

defaults.  Weighting the model by frequency of Ct values or variants was not chosen 

because it did not result in statistically significant differences in model performance (Table 

S6).   

 

Following parameter tuning, a random forest model was built from all genomes using all 

variants and instruments.  This model was evaluated through five-fold cross validation 

with a train-test-split of 80% and 20%.  For each fold, the R2 score and root mean square 

error (RMSE) were computed.  

 

Additionally, the model accuracy within Ct-value intervals of 6, 5, 4, 3, 2, and 1 were 

calculated.  The accuracy within a given interval n was computed as the fraction of the 

samples where the absolute difference between the predicted and actual value was smaller 

than n.  Unless otherwise stated, results are shown as the average across all five folds with 

95% confidence intervals. 
 
Predicting Ct values in new variants  

To assess the model’s ability to predict the Ct values for a newly emerging variant, we 

varied the amount of Omicron sequences in the training set to see how well models built 

from previous variants could predict Omicron Ct values.  For each fold, a separate model 

was trained using training sets with the following percentages of Omicron genomes: 0%, 

0.5%, 1%, 2%, 5%, 10%, and 15%, and 5-fold cross validations were computed. For each 

percentage, n, the corresponding number of Omicron genomes were removed from the 

training set to produce a training set consisting of n% Omicron genomes.  The test set 

remained unchanged for all percentages across each fold.  

 

The model trained on a training set of n% Omicron genomes was evaluated on 3 separate 

subsets of the test set, 1) all Omicron genomes in the test set, 2) all non-Omicron genomes 

in the test set, and 3) a test set consisting of n percent Omicron genomes (generated using 

the same methodology as the training set). These experiments evaluated different aspects 

of the performance of a model trained on increasing amounts of a new variant: 1) how well 

a model could learn to predict a new variant, 2) whether including a new variant in the 

training set could interfere with the model’s ability to predict other variants, and 3) the 

model’s overall accuracy. 
 
Feature importance 

The “feature_importance” function for random forest was used to analyze important k-

mers for the all-instrument model.  This returns the Gini impurity at each decision node (k-

mer).  Since rarely occurring features can have low impurity, we also analyzed important 

features by computing the decision paths from each tree in the forest for each genome (one 

decision path for each of the 400 trees in the forest, per genome).  In this way, we defined 

an important feature as a node that is encountered most frequently for all trees and 

genomes.  The most frequently occurring k-mers were analyzed in two ways.  First, all k-

mers where there was a significant difference in the average Ct values of the genomes with 
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and without the k-mer were retained.  Significantly different sets were defined as those 

with non-overlapping 95% confidence intervals for the average Ct values with and without 

the k-mer.  Then for all k-mers in this set, a baseline was established empirically in order to 

display those k-mers that occurred most frequently relative to the background.  In the 

second approach, the same set was also computed based on the criteria above, without the 

baseline filtering, and instead showing the set of k-mers that occurs in at least 10% of the 

genomes.  The coordinates of the top k-mers were calculated based on their nucleotide 

alignments against the Wuhan-Hu-1 reference genome (GenBank ID: MN908947.3) using 

Mafft v7.475 (47) with default parameters. 
 
Availability  

The code for the Ct value prediction model and the documentation for running the code 

and model are available at the following GitHub page: https://github.com/BV-BRC-

dependencies/Ct-Value-Prediction.  All genome accessions are provided in Table S1. 

 

 

Results 

Models built from sequence data are predictive 

A total of 29,272 SARS-CoV-2 clinical samples, collected over a period of 19 months from 

May 15, 2020 to January 14, 2022, were used in this study.  All positive samples were 

identified on one of three clinical detection instruments including Alinity (22,271 samples), 

Panther (6,418 samples), and Cepheid (583 samples) (Figure 1).  The corresponding high 

quality sequenced genomes contain 324 different variants of SARS-CoV-2 with 106 variants 

occurring 10 or more times.  The most common variants during the sampling period were 

Delta variant and its sub-lineages (6,285 samples), Omicron and its sub-lineages (5,445 

samples), the related B.1(3,161) and B.1.2 (4,839 samples) variants from early in the 

pandemic, and Alpha (B.1.1.7) (1,478 samples).  The Ct values in the dataset ranged from 

5.1 to 44.9 with a median of 24.9, and a standard deviation of 8.2 (Table S1).  The 

distributions of Ct values over the set of samples are similar for Alinity and Panther; the 

Cepheid distribution differs slightly, although it has a small number of samples (Figure 2).  

The Cepheid samples also had slightly higher median Ct values (28.5) versus the samples 

from the instruments (24.8 and 24.7 for Alinity and Panther, respectively) (Table S7).  

 

Since the objective was to determine if models built from genome sequence data could 

predict Ct values, we constructed feature matrices using the frequencies of all unique 

nucleotide 10-mers from each genome.  Three types of regression models were considered 

to determine the best modeling approach for this study: random forest, XGBoost, and 

logistic regression.  The logistic regression model failed to converge using max iteration 

values ranging from 50 to 1,500.  XGBoost and random forest did not perform statistically 

differently using default parameters, or when comparing random forest to a set of 

informed parameters for XGBoost published in similar studies (43, 48) (Table S3).  For this 

reason, we chose to proceed with random forest, conducting parameter sweeps to optimize 

the predictions (Tables S4 and S5).  The accuracy of the random forest model built from 

all 29,272 genomes was assessed through 5-fold cross validation.  The average R2 of the 
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model was 0.521 ± 0.010 with an average root mean squared error (RMSE) of 5.704 ± 

0.034 (Table 1), demonstrating that the model is able to detect the presence of a modest 

signal in the genomes.   

 

Models built from all detection instruments are more robust 

In order to assess how the model performance is influenced by each detection instrument, 

separate models were trained using the genomes corresponding to each instrument.  The 

model trained on the most common instrument in the dataset, Alinity with 22,271 

genomes, had an R2 score of 0.535 ± 0.014 and an RMSE of 5.827 ± 0.075 and was similar to 

the model trained with all instruments (Table 1).  The models trained on only Panther and 

only Cepheid genomes demonstrated lower performances.  The Panther-only model (6,418 

genomes) had an R2 score of 0.417 ± 0.022 and an RMSE of 5.475 ± 0.113, and the Cepheid-

only model (583 genomes) had an R2 score of 0.226 ± 0.039 and an RMSE of 6.787 ± 0.297.  

The reduced accuracy is likely due to the smaller training dataset sizes with these 

instruments compared to the model trained on Alinity genomes. 

 

Similarly, we evaluated how well the all-instrument model performed on the test data from 

each instrument (Table 2).  In this case, with all of the instruments in the training set, the 

R2 and RMSEs on each instrument are more similar.  As expected, the highest accuracy was 

observed when testing the all-instrument model on Alinity genomes, as Alinity made up the 

highest portion of the training set (R2 = 0.527 ± 0.007 and RMSE = 5.869 ± 0.036), versus 

Panther (R2 = 0.503 ± 0.024 and RMSE = 5.052 ± 0.135) and Cepheid (R2 = 0.366 ± 0.087 

and RMSE = 6.094 ± 0.477).  These data show that when all of the instruments are used 

together, the predictions for Panther and Cepheid samples improve. 

 

Assessing model accuracy by Ct value 

In order to understand how well the model worked over the range of Ct values, we plotted 

the predicted versus actual values for the all-instrument model for a single fold of the 5-

fold cross validation (Figure 3).  Two large clusters can be observed in the plot 

corresponding with the highest and lowest Ct values.  The higher Ct values consist 

primarily of variants B.1 and B.1.2 and the lower Ct values consist primarily of Omicron 

and Delta.  Although there are obvious outliers in the top left and bottom right sections of 

the plot, the trend is roughly diagonal and reflects the model’s predictiveness.  When 

separate models are computed based on each instrument, the results of the Alinity-only 

and Panther-only models are similar to the all-instrument model, and the diagonal pattern 

is mostly lost in the Cepheid-only model (Figure S1).  To assess the bounds of the accuracy 

of the model, we binned predicted and actual Ct values into bins of size 3 cycles, plotting 

the results in a confusion matrix heatmap (Figure 4).  Like the scatterplot, the predictions 

form a roughly diagonal pattern, corresponding to the accurate predictions.  We observe 

errors in several notable places including Ct values of 6-12 being predicted as 18-21, as 

well as incorrect predictions in Ct values >39.  In the center of the plot, the fraction of 

correct predictions is lower, corresponding with the lower density of data points.  When 

the predictions are generated using separate models for each instrument, the Alinity-only 

results are nearly identical to the all-instrument results (Figure S2).  For the Panther-only 
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and Cepheid-only models, we observe a propensity to over predict Ct values in the range of 

21-24, and 21-27, respectively.   

 

Although the R2 value of the all-instruments regression model indicates that the model has 

predictive value, it is difficult to understand this in terms of the model’s overall accuracy.  

To approximate the overall accuracy of the model, we computed the accuracy of the model 

within a range of Ct values.  Overall, the model exceeds 50% accuracy at a Ct value interval 

of approximately 3.5 cycles and exceeds 75% accuracy at an interval of 6 cycles (Figure 

S3).  However, we note that this approximation of model accuracy does not account for 

error rates or discordance between detection instruments, which can be rather large (8, 49, 

50).   

 

As another approach, we clustered all samples with Ct values less than or equal to 24 to 

create a low Ct value set, and all Ct values greater than or equal to 36 to create a high Ct 

value set.  We then built a random forest classifier to predict the high and low sets using the 

model parameters and cross validation described above.  The resulting model had an F1 

score of 0.890 ± 0.003, indicating that this coarse classification between high and low Ct 

values is fairly straight forward. 
 
Because the data set almost entirely comprised of samples from outpatients (64%), 

inpatients (29%), and ICU patients (6%), and these sets are not balanced, we computed the 

R2 and RMSE scores for each category using the all-instrument model.  Overall, the 

outpatient samples have a slightly lower median Ct value of 24.0 compared with 26.0 and 

26.5 for the inpatient and ICU sets, respectively (Table S8).  The model performed better 

over the outpatient set (R2 = 0.549 ± 0.013) compared with the inpatient (R2 = 0.453 ± 

0.019) and ICU sets (R2 = 0.473 ± 0.030).  This indicates that either the inpatient and ICU 

samples are a source of error due to their imbalance, genuine biological differences in these 

patient populations, or differences in sample preparation or handling.   
 
Predicting Ct values for a new VOC 

Due to the importance of being able identify VOCs early, we evaluated the ability of a model 

to predict the Ct values of a newly emerging variant.  To do this, we trained an all-

instrument model but removed the Omicron genomes from the training set to simulate a 

model created before the emergence of Omicron.  We then evaluated this model on a test 

set containing varying amounts of Omicron genomes.  The model trained without Omicron 

genomes was unable to predict Ct values for Omicron genomes, likely due both to the 

greater number of mutations in Omicron (51) and the difference in nature of these 

mutations compared with previous VOCs (52) (Table S9).  These results demonstrate that 

for a model designed in this way to be able to predict the Ct values of a new variant, some 

exposure to that variant or its mutations is needed in the training set.  

 

In order to evaluate how much data from a new variant the model would need, we created 

training sets with increasingly more Omicron genomes.  Models were trained on sets 

containing 0–15% Omicron genomes to simulate the increasing availability of genome 

sequences of an emerging variant.  The performance of each of these models was evaluated 

for use under a CC0 license. 
This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also made available 

preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. 
The copyright holder for thisthis version posted November 15, 2022. ; https://doi.org/10.1101/2022.11.14.22282297doi: medRxiv preprint 

https://doi.org/10.1101/2022.11.14.22282297


 10

using a test set containing the same percentage of Omicron as the respective training set. 

Furthermore, we split the test set by variant and evaluated the model’s accuracy on only 

Omicron genomes and on all non-Omicron genomes.  Overall, there was no statistically 

significant difference in accuracy on the non-Omicron portion of the test set among models 

trained with different percentages of Omicron genomes (Table S9).  The R2 of the Omicron-

only test set increased as more Omicron genomes were included in the training set.  An 

initially large increase in the R2 score for the Omicron-only test set was observed going 

from 0% Omicron in the training set (R2 = -1.069 ± 0.084) to 1% (R2 = 0.291 ± 0.025) 

(Figure 5).  The R2 continued to increase more gradually going to 15% Omicron, (0.459 ± 

0.030), with the RMSE gradually decreasing.  Both the R2 and RMSE of models trained on 

increasing percentages of Omicron genomes demonstrated a logistic pattern with an initial 

large increase in accuracy that becomes more gradual.  These results demonstrate that the 

model is able to quickly extract patterns in the genomic data to predict viral load as it is 

exposed to more genomes of emerging variants. 
 
Feature Importance 

In order to gain insight into the genomic regions that the model is using to predict Ct 

values, we chose to examine the important k-mers that were chosen by the all-instrument 

model that was trained on all variants.  Since the feature importance function for random 

forest reports Gini impurity, it is possible to have decision nodes (k-mers) with very low 

impurity that are rarely used by the model.  In essence, these are k-mers that are rare but 

split the data set very well.  Indeed, when we examined the data in this way, this was our 

observation.   

 

As a different approach, we chose to assess the decision nodes that are visited most 

frequently in the random forest, reasoning that these may contain information about the 

relationship between the k-mers and the predicted Ct values.  To do this, we computed all 

decision paths for each genome in the training set.  We then filtered these for the nodes 

that were encountered most frequently across all of the genomes and trees, and for which 

there was a significant difference in the average Ct values of the genomes with and without 

the k-mer.  The k-mers that occurred most frequently relative to the background were then 

plotted based on their corresponding positions in the Wuhan-Hu-1 reference genome 

(Figure 6).  Overall, we observe that the model is using many k-mers from across the entire 

genome to make the predictions.  However, like Gini impurity, a node that is frequently 

encountered in the decision path does not need to occur in many genomes because the 

decision trees, which make up a random forest, are greedy (53). 

 

To refine the search, we filtered the set of significant k-mers for those occurring in at least 

10% of the genomes.  When we did this, we observed a clustering of 15 significant k-mers 

in the spike protein (Figure 6, Table S10).  These k-mers correspond with important 

positions that are hallmarks of various VOCs, six of which occur in the receptor binding 

domain.  Several notable regions in the spike protein that are spanned by these k-mers 

include: Y144- and Y145-, G339D, K417N/T, L452R/Q, N501Y, and P618H/R, which are 

hallmarks of various VOCs including Alpha, Delta, and Omicron.  In these instances, the 

model has chosen k-mers in regions that are important in the evolution of the VOCs.  
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However, it is clear that the model cannot simply rely on the major VOC SNPs to predict the 

Ct values, and that it needs the more subtle non-linear relationships between many 

features in order to achieve the R2 score that we observe.   

 

 

Discussion 

Having the ability to identify and predict clinical characteristics of SARS-CoV-2 is of 

paramount importance for epidemiology and infection control.  Although they are rarely 

used in modeling studies, Ct values tend to correlate with viral loads and offer insight into 

the contagiousness and transmissibility of the virus (9-11).  In this study, we used genome 

sequence data to predict Ct values for a collection of 29,272 SARS-CoV-2 clinical samples.  

After evaluating a variety of algorithms and conducting parameter sweeps, our best model 

was a random forest regressor that could predict Ct values with an R2 of 0.521 and an 

RMSE of 5.7.  This indicates the presence of a modest signal in the genome sequence data 

that the models are identifying and using to make the predictions.   

 

In this study, we chose a machine learning approach in order to predict Ct values.  The 

machine learning methods that were used in this study all enable a rather seamless 

examination of the top features (k-mers), which we deemed to be important for 

understanding how the model worked.  Likewise, we chose a longer k-mer length so that 

we could easily identify the genomic coordinates of each k-mer.  When we evaluated the 

top features that occurred in the most genomes, we observed a cluster of k-mers occurring 

in the spike protein.  Many of these k-mers span regions of the spike protein that are 

hallmarks of previous VOCs, supporting the notion that many of these mutations have an 

impact on viral load (26).  However, it is clear from our analysis of the Gini impurity and 

frequently encountered nodes in the decision paths of the forest that many k-mers are 

required to obtain the R2 and RMSE that we observe for the all-instrument model.  This is 

unsurprising for two reasons.  First, the random forest algorithm is greedy and will choose 

the k-mers that differentiate the high and low Ct values, even if they occur rarely in the data 

set.  Second, since this is a regression problem aimed at predicting Ct values along a 

continuum, more k-mers are required to suss out the subtle step-wise differences between 

samples.     

 

Predicting Ct values turned out to be a challenging modeling problem because of the nature 

of the clinical data set.  The clinical data were imbalanced in at least two ways.  First, the 

use of the detection instruments was not uniform, with the Alinity instrument comprising 

76% of the samples in the collection followed by Panther (22%) and Cepheid (2%).  

Secondly, the patient cohort was comprised of approximately 64% outpatients, 29% 

inpatients, and 6% ICU patients, in various stages of disease progression.  In both cases, it is 

clear that the less represented sets create a source of error model, with these subsets 

having lower R2 values and higher RMSEs.  It is possible that sampling differences may 

account for some of the error.  For instance, the Cepheid instruments are more frequently 

used for critical patients because they have a faster turnaround time of 1 hour compared 

with 4-6 hours for the other instruments.  Ultimately, we showed that given adequate data, 
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separate models could be built for these groups, and may be the most appropriate solution 

to this problem.  

 

Likewise, we found that it was important to have high quality genome sequence data.  Over 

the course of the pandemic, there have been fluctuations in overall sequence quality due to 

the use of various sequencing methods and primer kits (54).  To overcome this, we chose to 

filter all genomes for those having less than 500 ambiguous nucleotide characters, and we 

also needed to mask the ends and 56 positions within the spike protein-encoding gene in 

order to prevent the models from using variation that was due to poor sequence quality 

rather than true variation.  As approaches with higher accuracy and fewer errors are used, 

we anticipate that the signal will become stronger. 

 

Assessing the overall accuracy of the model was challenging because the highest achievable 

accuracy is limited by the error rate of the detection instruments.  Several studies have 

published comparisons of SARS-CoV-2 clinical detection instruments, reporting good 

agreement across instruments, as well as strong correlation in Ct or cycle number (CN) 

values (49, 50, 55).  However, there is an error rate when performing technical replicates 

from the same sample on the same device, and from comparing the results from the same 

sample across different devices.  For example, Perchetti and colleagues performed a 

comparison of the Ct values from the Alinity m and Panther Fusion instruments for the 

purpose of validating the Alinity m (49).  Using 30 matched positive samples, they reported 

an average Ct difference of approximately 0.7 between two replicates of the Alinity m and 

an average Ct value difference of approximately 2 between matched samples from Alinity 

m and Panther Fusion.  Although the number of samples compared in that study was small, 

we can use their results to roughly establish the expectation that a perfect model for 

predicting Ct values would have a margin of error in the range of at least 0.7-2.0 cycles.  

However, this is probably a low estimate considering that larger differences have been 

reported for other instruments(8, 49, 50), and accounting for the large number of samples 

in our study with Ct values above 30, which are likely to have greater detection error.  For 

this reason, the accuracy of the model presented in this study is likely understated. 

 

Having the ability to identify new variants early, before there is community transmission, is 

necessary for controlling the SARS-CoV-2 pandemic.  We attempted to simulate this by 

training models on prior variants and testing them on Omicron genomes.  Using this 

approach, we found that approximately 5% of the genomes in the training set needed to be 

from Omicron in order to accurately predict Ct values for Omicron genomes, i.e., the 

mutations of Omicron needed to be learned.  This is somewhat unsurprising considering 

the large difference in the mutational profiles of Omicron versus previous variants (51, 52).  

However, the small percentage of Omicron genomes that is required to begin to achieve 

accurate models is encouraging and provides a baseline for improvement.  Future studies 

aimed at more accurately predicting Ct values may be improved by incorporating 

positional information from alignments, epitopes, and other experimental data as features.  

For instance, a recent study by Mushegian and colleagues noted a relationship between 

minor variants and Ct values, with higher Ct value samples having more minor sequence 

variants (56).  
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In summary, this study demonstrates it is possible to use SARS-CoV-2 genome sequence 

data to predict Ct values.  This provides a modeling framework and baseline for improving 

the identification of VOCs and the prediction of clinical characteristics of SARS-CoV-2 

variants, which are important for future infection control efforts. 

 

 

Acknowledgements 

We thank Robert Wisniewski and the BV-BRC and Houston Methodist teams for their 

helpful input.  We thank Alma Amaya, Akanksha Batajoo, Jessica Cambric, Ryan Gadd, 

Nicole Kanellopoulos, Shelby Kvinta, Regan Mangham, Eleanor Nichols, Jordan Pachuca, 

Sindy Pena, Kristina Reppond, Matthew Ojeda Saavedra, Madison Shyer, and Rashi Thakur, 

and Bob Olson for technical assistance.  LD was funded by the Northwestern-Argonne 

Institute of Science and Engineering (NAISE) Summer Research Experience Program 

supported by Northwestern University's Office for Research.  JJD and MN were supported 

by the National Institute of Allergy and Infectious Diseases, National Institutes of Health, 

Department of Health and Human Services [75N93019C00076 to PI Rick Stevens].  This 

work was also supported by Discovery Partners Institute award [PRJ1009544] to JD.  PC, 

SWL, RJO, and JMM were supported by the Houston Methodist Academic Institute 

Infectious Diseases Fund.  

 

 

Conflict of Interest 

The authors of this work declare no conflicts of interest. 

 

 

 

References 

1. Anonymous. 2020.  WHO COVID-19 Dashboard, on World Health Organization. 
https://covid19.who.int/. Accessed 09/06/2022. 

2. Anonymous.  SARS-CoV-2 Variant Classifications and Definitions, on Centers for 
Disease Control and Prevention, National Center for Immunization and Respiratory 
Diseases (NCIRD), Division of Viral Diseases. https://www.cdc.gov/coronavirus/2019-
ncov/variants/variant-classifications.html. Accessed 10-24-2022. 

3. Salehi-Vaziri M, Fazlalipour M, Seyed Khorrami SM, Azadmanesh K, Pouriayevali MH, 
Jalali T, Shoja Z, Maleki A. 2022. The ins and outs of SARS-CoV-2 variants of concern 
(VOCs). Archives of Virology:1-18. 

4. Anonymous. 2022.  SARS-CoV-2 Variant Classifications and Definitions, on Centers for 
Disease Control and Prevention. https://www.cdc.gov/coronavirus/2019-
ncov/variants/variant-
classifications.html?CDC_AA_refVal=https%3A%2F%2Fwww.cdc.gov%2Fcoronavirus
%2F2019-ncov%2Fvariants%2Fvariant-info.html. Accessed 09/06/2022. 

for use under a CC0 license. 
This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also made available 

preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. 
The copyright holder for thisthis version posted November 15, 2022. ; https://doi.org/10.1101/2022.11.14.22282297doi: medRxiv preprint 

https://doi.org/10.1101/2022.11.14.22282297


 14

5. DeGrace MM, Ghedin E, Frieman MB, Krammer F, Grifoni A, Alisoltani A, Alter G, 
Amara RR, Baric RS, Barouch DH. 2022. Defining the risk of SARS-CoV-2 variants on 
immune protection. Nature 605:640-652. 

6. Wallace ZS, Davis J, Niewiadomska AM, Olson RD, Shukla M, Stevens R, Zhang Y, 
Zmasek CM, Scheuermann RH. 2022. Early Detection of Emerging SARS-CoV-2 
Variants of Interest for Experimental Evaluation. medRxiv. 

7. Tang Y-W, Schmitz JE, Persing DH, Stratton CW. 2020. Laboratory Diagnosis of 
COVID-19: Current Issues and Challenges. Journal of Clinical Microbiology 58:e00512-
20. 

8. McAdam AJ. 2022. Cycle Threshold Values from Severe Acute Respiratory Syndrome 
Coronavirus-2 Reverse Transcription-Polymerase Chain Reaction Assays: Interpretation 
and Potential Use Cases. Clinics in Laboratory Medicine. 

9. Rao SN, Manissero D, Steele VR, Pareja J. 2020. A systematic review of the clinical 
utility of cycle threshold values in the context of COVID-19. Infectious diseases and 
therapy 9:573-586. 

10. Jaafar R, Aherfi S, Wurtz N, Grimaldier C, Van Hoang T, Colson P, Raoult D, La Scola 
B. 2020. Correlation Between 3790 Quantitative Polymerase Chain Reaction–Positives 
Samples and Positive Cell Cultures, Including 1941 Severe Acute Respiratory Syndrome 
Coronavirus 2 Isolates. Clinical Infectious Diseases 72:e921-e921. 

11. Service R. 2020. One number could help reveal how infectious a COVID-19 patient is. 
Should test results include it? Science. 

12. Jacot D, Greub G, Jaton K, Opota O. 2020. Viral load of SARS-CoV-2 across patients 
and compared to other respiratory viruses. Microbes and infection 22:617-621. 

13. Hay JA, Kennedy-Shaffer L, Kanjilal S, Lennon NJ, Gabriel SB, Lipsitch M, Mina MJ. 
2021. Estimating epidemiologic dynamics from cross-sectional viral load distributions. 
Science 373:eabh0635. 

14. Walker AS, Pritchard E, House T, Robotham JV, Birrell PJ, Bell I, Bell JI, Newton JN, 
Farrar J, Diamond I. 2021. Ct threshold values, a proxy for viral load in community 
SARS-CoV-2 cases, demonstrate wide variation across populations and over time. Elife 
10. 

15. Phillips MC, Quintero D, Wald-Dickler N, Holtom P, Butler-Wu SM. 2022. SARS-CoV-
2 cycle threshold (Ct) values predict future COVID-19 cases. Journal of Clinical 
Virology 150:105153. 

16. Khalil A, Al Handawi K, Mohsen Z, Abdel Nour A, Feghali R, Chamseddine I, 
Kokkolaras M. 2022. Weekly Nowcasting of New COVID-19 Cases Using Past Viral 
Load Measurements. Viruses 14:1414. 

17. Bullard J, Dust K, Funk D, Strong JE, Alexander D, Garnett L, Boodman C, Bello A, 
Hedley A, Schiffman Z. 2020. Predicting infectious severe acute respiratory syndrome 
coronavirus 2 from diagnostic samples. Clinical infectious diseases 71:2663-2666. 

18. La Scola B, Le Bideau M, Andreani J, Hoang VT, Grimaldier C, Colson P, Gautret P, 
Raoult D. 2020. Viral RNA load as determined by cell culture as a management tool for 
discharge of SARS-CoV-2 patients from infectious disease wards. European Journal of 
Clinical Microbiology & Infectious Diseases 39:1059-1061. 

19. Huang J-T, Ran R-X, Lv Z-H, Feng L-N, Ran C-Y, Tong Y-Q, Li D, Su H-W, Zhu C-L, 
Qiu S-L, Yang J, Xiao M-Y, Liu M-J, Yang Y-T, Liu S-M, Li Y. 2020. Chronological 

for use under a CC0 license. 
This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also made available 

preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. 
The copyright holder for thisthis version posted November 15, 2022. ; https://doi.org/10.1101/2022.11.14.22282297doi: medRxiv preprint 

https://doi.org/10.1101/2022.11.14.22282297


 15

Changes of Viral Shedding in Adult Inpatients With COVID-19 in Wuhan, China. 
Clinical Infectious Diseases 71:2158-2166. 

20. Yu X, Sun S, Shi Y, Wang H, Zhao R, Sheng J. 2020. SARS-CoV-2 viral load in sputum 
correlates with risk of COVID-19 progression. Critical care 24:1-4. 

21. Riediker M, Briceno-Ayala L, Ichihara G, Albani D, Poffet D, Tsai D-H, Iff S, Monn C. 
2022. Higher viral load and infectivity increase risk of aerosol transmission for Delta and 
Omicron variants of SARS-CoV-2. Swiss medical weekly. 

22. Teyssou E, Delagrèverie H, Visseaux B, Lambert-Niclot S, Brichler S, Ferre V, Marot S, 
Jary A, Todesco E, Schnuriger A. 2021. The Delta SARS-CoV-2 variant has a higher 
viral load than the Beta and the historical variants in nasopharyngeal samples from newly 
diagnosed COVID-19 patients. Journal of Infection 83:e1-e3. 

23. Kidd M, Richter A, Best A, Cumley N, Mirza J, Percival B, Mayhew M, Megram O, 
Ashford F, White T. 2021. S-variant SARS-CoV-2 lineage B1. 1.7 is associated with 
significantly higher viral load in samples tested by TaqPath polymerase chain reaction. 
The Journal of infectious diseases 223:1666-1670. 

24. Korber B, Fischer WM, Gnanakaran S, Yoon H, Theiler J, Abfalterer W, Hengartner N, 
Giorgi EE, Bhattacharya T, Foley B. 2020. Tracking changes in SARS-CoV-2 spike: 
evidence that D614G increases infectivity of the COVID-19 virus. Cell 182:812-827. 
e19. 

25. Volz E, Hill V, McCrone JT, Price A, Jorgensen D, O’Toole Á, Southgate J, Johnson R, 
Jackson B, Nascimento FF. 2021. Evaluating the effects of SARS-CoV-2 spike mutation 
D614G on transmissibility and pathogenicity. Cell 184:64-75. e11. 

26. Liu Y, Liu J, Johnson BA, Xia H, Ku Z, Schindewolf C, Widen SG, An Z, Weaver SC, 
Menachery VD. 2022. Delta spike P681R mutation enhances SARS-CoV-2 fitness over 
Alpha variant. Cell Reports 39:110829. 

27. Obermeyer F, Jankowiak M, Barkas N, Schaffner SF, Pyle JD, Yurkovetskiy L, Bosso M, 
Park DJ, Babadi M, MacInnis BL. 2022. Analysis of 6.4 million SARS-CoV-2 genomes 
identifies mutations associated with fitness. Science 376:1327-1332. 

28. Martin DP, Weaver S, Tegally H, San JE, Shank SD, Wilkinson E, Lucaci AG, Giandhari 
J, Naidoo S, Pillay Y. 2021. The emergence and ongoing convergent evolution of the 
SARS-CoV-2 N501Y lineages. Cell 184:5189-5200. e7. 

29. Gussow AB, Auslander N, Faure G, Wolf YI, Zhang F, Koonin EV. 2020. Genomic 
determinants of pathogenicity in SARS-CoV-2 and other human coronaviruses. 
Proceedings of the National Academy of Sciences 117:15193-15199. 

30. Javanmardi K, Segall-Shapiro TH, Chou C-W, Boutz DR, Olsen RJ, Xie X, Xia H, Shi P-
Y, Johnson CD, Annapareddy A. 2022. Antibody escape and cryptic cross-domain 
stabilization in the SARS-CoV-2 Omicron spike protein. Cell Host and Microbe 30:1242-
1254. 

31. Mullick B, Magar R, Jhunjhunwala A, Farimani AB. 2021. Understanding mutation 
hotspots for the SARS-CoV-2 spike protein using Shannon Entropy and K-means 
clustering. Computers in biology and medicine 138:104915. 

32. de Hoffer A, Vatani S, Cot C, Cacciapaglia G, Chiusano ML, Cimarelli A, Conventi F, 
Giannini A, Hohenegger S, Sannino F. 2022. Variant-driven early warning via 
unsupervised machine learning analysis of spike protein mutations for COVID-19. 
Scientific Reports 12:1-14. 

for use under a CC0 license. 
This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also made available 

preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. 
The copyright holder for thisthis version posted November 15, 2022. ; https://doi.org/10.1101/2022.11.14.22282297doi: medRxiv preprint 

https://doi.org/10.1101/2022.11.14.22282297


 16

33. Zvyagin MT, Brace A, Hippe K, Deng Y, Zhang B, Bohorquez CO, Clyde A, Kale B, 
Perez-Rivera D, Ma H. 2022. GenSLMs: Genome-scale language models reveal SARS-
CoV-2 evolutionary dynamics. bioRxiv. 

34. Long SW, Olsen RJ, Christensen PA, Bernard DW, Davis JJ, Shukla M, Nguyen M, 
Saavedra MO, Yerramilli P, Pruitt L. 2020. Molecular architecture of early dissemination 
and massive second wave of the SARS-CoV-2 virus in a major metropolitan area. MBio 
11:e02707-20. 

35. Long SW, Olsen RJ, Christensen PA, Subedi S, Olson R, Davis JJ, Saavedra MO, 
Yerramilli P, Pruitt L, Reppond K. 2021. Sequence analysis of 20,453 severe acute 
respiratory syndrome coronavirus 2 genomes from the Houston metropolitan area 
identifies the emergence and widespread distribution of multiple isolates of all major 
variants of concern. The American journal of pathology 191:983-992. 

36. Olsen RJ, Christensen PA, Long SW, Subedi S, Hodjat P, Olson R, Nguyen M, Davis JJ, 
Yerramilli P, Saavedra MO. 2021. Trajectory of growth of severe acute respiratory 
syndrome coronavirus 2 (SARS-CoV-2) variants in Houston, Texas, January through 
May 2021, based on 12,476 genome sequences. The American Journal of Pathology 
191:1754-1773. 

37. Christensen PA, Olsen RJ, Long SW, Subedi S, Davis JJ, Hodjat P, Walley DR, Kinskey 
JC, Saavedra MO, Pruitt L. 2022. Delta variants of SARS-CoV-2 cause significantly 
increased vaccine breakthrough COVID-19 cases in Houston, Texas. The American 
journal of pathology 192:320-331. 

38. Christensen PA, Olsen RJ, Long SW, Snehal R, Davis JJ, Saavedra MO, Reppond K, 
Shyer MN, Cambric J, Gadd R. 2022. Signals of significantly increased vaccine 
breakthrough, decreased hospitalization rates, and less severe disease in patients with 
Coronavirus disease 2019 caused by the Omicron variant of severe acute respiratory 
syndrome Coronavirus 2 in Houston, Texas. The American Journal of Pathology 
192:642-652. 

39. Olson RD, Assaf R, Brettin T, Conrad N, Cucinell C, Davis James J, Dempsey 
Donald M, Dickerman A, Dietrich Emily M, Kenyon Ronald W, Kuscuoglu M, 
Lefkowitz Elliot J, Lu J, Machi D, Macken C, Mao C, Niewiadomska A, Nguyen M, 
Olsen Gary J, Overbeek Jamie C, Parrello B, Parrello V, Porter Jacob S, Pusch 
Gordon D, Shukla M, Singh I, Stewart L, Tan G, Thomas C, VanOeffelen M, Vonstein 
V, Wallace Zachary S, Warren Andrew S, Wattam Alice R, Xia F, Yoo H, Zhang Y, 
Zmasek Christian M, Scheuermann Richard H, Stevens Rick L. 2022. Introducing the 
Bacterial and Viral Bioinformatics Resource Center (BV-BRC): a resource combining 
PATRIC, IRD and ViPR. Nucleic Acids Research doi:10.1093/nar/gkac1003. 

40. Li H. 2018. Minimap2: pairwise alignment for nucleotide sequences. Bioinformatics 
34:3094-3100. 

41. Grubaugh ND, Gangavarapu K, Quick J, Matteson NL, De Jesus JG, Main BJ, Tan AL, 
Paul LM, Brackney DE, Grewal S. 2019. An amplicon-based sequencing framework for 
accurately measuring intrahost virus diversity using PrimalSeq and iVar. Genome 
biology 20:1-19. 

42. Danecek P, Bonfield JK, Liddle J, Marshall J, Ohan V, Pollard MO, Whitwham A, Keane 
T, McCarthy SA, Davies RM. 2021. Twelve years of SAMtools and BCFtools. 
Gigascience 10:giab008. 

for use under a CC0 license. 
This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also made available 

preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. 
The copyright holder for thisthis version posted November 15, 2022. ; https://doi.org/10.1101/2022.11.14.22282297doi: medRxiv preprint 

https://doi.org/10.1101/2022.11.14.22282297


 17

43. Nguyen M, Brettin T, Long S, Musser JM, Olsen RJ, Olson R, Shukla M, Stevens RL, 
Xia F, Yoo H. 2018. Developing an in silico minimum inhibitory concentration panel test 
for Klebsiella pneumoniae. Scientific reports 8:1-11. 

44. Kokot M, Długosz M, Deorowicz S. 2017. KMC 3: counting and manipulating k-mer 
statistics. Bioinformatics 33:2759-2761. 

45. Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O, Blondel M, 
Prettenhofer P, Weiss R, Dubourg V. 2011. Scikit-learn: Machine learning in Python. the 
Journal of machine Learning research 12:2825-2830. 

46. Winer B. 1971. Statistical Principles in Experimental Design: 2d Ed. McGraw-Hill. 
47. Nakamura T, Yamada KD, Tomii K, Katoh K. 2018. Parallelization of MAFFT for large-

scale multiple sequence alignments. Bioinformatics 34:2490-2492. 
48. Nguyen M, Olson R, Shukla M, VanOeffelen M, Davis JJ. 2020. Predicting antimicrobial 

resistance using conserved genes. PLoS computational biology 16:e1008319. 
49. Perchetti GA, Pepper G, Shrestha L, LaTurner K, Kim DY, Huang M-L, Jerome KR, 

Greninger AL. 2021. Performance characteristics of the Abbott Alinity m SARS-CoV-2 
assay. Journal of Clinical Virology 140:104869. 

50. Hirschhorn JW, Kegl A, Dickerson T, Glen Jr WB, Xu G, Alden J, Nolte FS. 2021. 
Verification and validation of SARS-CoV-2 assay performance on the abbott m 2000 and 
alinity m systems. Journal of Clinical Microbiology 59:e03119-20. 

51. Tian D, Sun Y, Xu H, Ye Q. 2022. The emergence and epidemic characteristics of the 
highly mutated SARS�CoV�2 Omicron variant. Journal of Medical Virology 94:2376-
2383. 

52. Fantini J, Yahi N, Colson P, Chahinian H, La Scola B, Raoult D. 2022. The puzzling 
mutational landscape of the SARS�2�variant Omicron. Journal of medical virology 
94:2019-2025. 

53. Murthy SK, Salzberg S. Decision Tree Induction: How Effective Is the Greedy 
Heuristic?, p. In (ed),   

54. Davis JJ, Long SW, Christensen PA, Olsen RJ, Olson R, Shukla M, Subedi S, Stevens R, 
Musser JM. 2021. Analysis of the ARTIC version 3 and version 4 SARS-CoV-2 primers 
and their impact on the detection of the G142D amino acid substitution in the spike 
protein. Microbiology spectrum 9:e01803-21. 

55. Kmetič P, Valenčak AO, Komloš KF, Seme K, Sagadin M, Korva M, Poljak M. 2021. 
Real-Life Head-to-Head Comparison of Performance of Two High-Throughput 
Automated Assays for the Detection of SARS-CoV-2 RNA in Nasopharyngeal Swabs: 
The Alinity m and cobas 6800 SARS-CoV-2 Assays. The Journal of Molecular 
Diagnostics 23:920-928. 

56. Mushegian A, Long SW, Olsen RJ, Christensen PJ, Subedi S, Chung M, Davis J, Musser 
J, Ghedin E. 2022. Within-host genetic diversity of SARS-CoV-2 in the context of large-
scale hospital-associated genomic surveillance. medRxiv. 

 

  

for use under a CC0 license. 
This article is a US Government work. It is not subject to copyright under 17 USC 105 and is also made available 

preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. 
The copyright holder for thisthis version posted November 15, 2022. ; https://doi.org/10.1101/2022.11.14.22282297doi: medRxiv preprint 

https://doi.org/10.1101/2022.11.14.22282297


 18

Tables 

Table 1.  Ct value prediction results for a model built using all detection instruments and 

separate models for each instrument. 

Model Genomes R2* RMSE* 

All Instruments  29,272 0.521 ± 0.010 5.704 ± 0.034 

Alinity only 22,271 0.535 ± 0.014 5.827 ± 0.075 

Panther only 6,418 0.417 ± 0.022 5.475 ± 0.113 

Cepheid only 583 0.226 ± 0.039 6.787 ± 0.297 
*Data are reported as the average over all 5 folds with 95% confidence intervals. 

 

 

 

 

Table 2.  R2 and RMSE scores for each instrument in the test set using the model that was 

trained using data from all instruments. 

Instrument Test Set Size 

Fraction of 

Training Set R2* RMSE* 

Alinity 4,442.2 0.761 0.527 ± 0.007 5.869 ± 0.036 

Panther 1,292.4 0.219 0.503 ± 0.024 5.052 ± 0.135 

Cepheid 120.4 0.020 0.366 ± 0.087 6.094 ± 0.477 
*Data are reported as the average over all 5 folds with 95% confidence intervals. 
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Figures 

 
Figure 1.  Histograms showing the distributions of the 20 most common variants in the 

dataset. A: The distribution of variants across all detection instruments. B: The distribution 

of variants in the genomes from the Alinity detection instrument. C: The distribution of 

variants in the genomes from the Panther detection instrument. D: The distribution of 

variants in the genomes from the Cepheid detection instruments. 
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Figure 2.  Histograms showing the distributions of Ct values in the dataset. Ct values were 

sorted into bins of 3 with an inclusive lower bound and exclusive upper bound. A: The 

distribution of Ct values across all detection instruments. B: The distribution of Ct values in 

the genomes from the Alinity detection instrument. C: The distribution of Ct values in the 

genomes from the Panther detection instrument. D: The distribution of Ct values in the 

genomes from the Cepheid detection instruments. 
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Figure 3.  A scatterplot of predicted versus actual Ct values using the model trained on all 

instruments and a single fold of the 5-fold cross validation.  Points are colored by variant 

with the 10 most frequently occurring variants colored via the key shown in the right, and 

samples of other variants colored gray.  The line y = x is shown across the center diagonal 

of the figure for reference. 
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Figure 4.  Normalized confusion matrix for a model trained on all instruments in a single 

fold with an 80/20 split.  Model predictions were binned into Ct value ranges of size 3 with 

an inclusive lower bound and exclusive upper bound.  Coloring and values in each cell 

represent the fraction of the actual Ct values predicted in the given interval.  Empty cells 

with no predictions or predictions are gray. 
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Figure 5.  The accuracy of models trained with increasing percentages of Omicron 

genomes and tested on a set of only Omicron genomes. Results were calculated as the 

average across 5-folds with an 80% train and 20% test split with 95% confidence intervals.  

A logistic regression curve was plotted for Omicron percentages 0.5 to 15 with a 95% 

confidence interval.  A: the R2 scores of the models. B: the RMSEs of the models. 
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Figure 6.  Heatmaps depicting relevant k-mers used by the all-instrument model.  The 

horizontal axis depicts the location of each k-mer on the SARS-CoV-2 genome and the 

vertical axis depicts the average Ct value range for the genomes containing the k-mer, with 

the bottom row showing all features combined.  Each bar represents a k-mer (not drawn to 

scale) and the coloring representing the number of times that the k-mer is used in the in 

the decision paths for the training set genomes (log normalized).  A: the most frequently 

occurring features in all decision paths, where there is a statistically significant difference 

between the average Ct values of the genomes with and without the k-mer, that are used 

above a baseline threshold.  B: The most frequently occurring features in all decision paths, 

where there is a statistically significant difference between the average Ct values for 

genomes with and without the k-mer, and the k-mers occur in at least 10% of the genomes. 
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