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Abstract: The COVID-19 pandemic highlighted the critical need for robust methods to monitor
viral evolution and detect emerging variants of concern (VOCs). Traditional genomic
surveillance often lacks predictive power. This study expanded an unsupervised machine learning
clustering algorithm, based on SARS-CoV-2 Spike protein Levenshtein distance, to track and
predict variant predominance across six European countries from 2020 to January 2024. We also
investigated the influence of genetic distances and containment strategies on hospitalization rates.
Sequences were transformed into temporal chains, and growth parameters were extracted via
sigmoid fitting. A deep neural network (DNN) was trained to classify emerging chains as likely
dominant, while a CatBoost model assessed variable importance for predicting weekly
hospitalizations in Denmark. Simulations explored modifying vaccine genetic distance,
containment measures, and VCR.

Approximately 5,000 sequences per week enabled early chain detection within four weeks. The
DNN achieved near-perfect classification of chain predominance within 3-4 weeks of

appearance. Genetic distances within consecutive chains and with vaccine strains were significant
predictors of hospitalizations. Simulations suggest that better-matched vaccines or stricter
containment measures could reduce hospitalizations. Doubling vaccination coverage alone had
minimal effect but showed additional reductions when combined with strict containment.

This integrated framework demonstrates the utility of combining unsupervised and supervised
machine learning for real-time tracking and prediction of SARS-CoV-2 variant dynamics and
their impact on public health. Our findings underscore the critical role of genetic distances and
effective public health interventions in mitigating the burden of emerging variants, supporting
timely genomic surveillance and adaptive public health strategies.
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From Sequences to Strategies. Early Detection of New SARS-
CoV-2 Variants via Genetic Distance to Reduce Hospitalizations

| ntroduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has evolved continuously
producing variants with different levels of transmissibility, immune escape, and disease severity.
Its spike protein is central to host cell entry and continuous accumulation of mutationsin the
spike protein have led to the emergence of phylogenetically distinct variants 1] which can evade
immune responses from prior infections or vaccination[2]. Four of these variants, Alpha, Beta,
Delta, and Omicron, have been classified as variants of concern (VOCs) by the World Health
Organization (WHO), while others have been designated as variants of interest (VOIs) or variants
under monitoring (VUMSs)[3]. Since December 2021, Omicron and its sub-lineages have globally
dominated the epidemiological dynamics. On May 5, 2023, the WHO declared the end of the
COVID-19 public health emergency of international concern while acknowledging the ongoing
risks posed by future SARS-CoV-2 evolution[4]. This highlights the importance of continuous
viral genomic surveillance to promptly detect and assess new variants that could impact public
health, particularly in the context of diverse immunity profiles resulting from varied exposure due

to irregular vaccines coverage and prior infections.

To address this need, de Hoffer et al.[5] developed an unsupervised machine learning (ML)
algorithm to define new variants by clustering the amino acid sequences of the spike protein of
SARS-CoV-2 based on the Levenshtein distance, and atime-binned hierarchical clustering with
Ward’s method. Clusters across consecutive time bins are then linked as chains when they
contain the same dominant spike sequence. These chains were empirically found to correspond to
persistent and potentially epidemiologically significant variants. The approach effectively
predicted the Alpha and Delta variants in the United Kingdom.

Levi et al.[6] analyzed data from 30 countries to identify variants associated with over 1,000

cases per million population within athree-month period using Jaccard distance. However, the
method’ s reliance on retrospective metrics, the maximum weekly case count observed over the
full variant duration, limitsits applicability for real-time prediction. Nicora et al.[7] used k-mer
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counts and a one-class Support Vector Machine (SVM) to flag anomalous sequences, though it
suffered from a high false-positive rate. Rancati et al.[8] also employed spike k-mer
representations with an autoencoder to predict lineages that would exceed 10% of total
sequences, but its performance was inconsistent in countries with relatively lower sequencing
volumes, such as France and Denmark. More recently, Feng et al.[9] developed a transformer-
based model designed to forecast future lineage frequencies up to two months in advance,

however, it relies on prior lineage designation and focuses exclusively on frequency forecasting.

While COVID-19 vaccines have been shown to protect against infections and

hospitalizationg 10], the Omicron variant with extensive spike mutations has caused substantial
hospitalizationg11] despite lower intrinsic virulence[12]. Current approaches for assessing
vaccine effectiveness against nove variants (primarily in vitro neutralization assays[ 13,14]) have
limitationsin their timeliness and predictive capacity. Studies such as Cao et al.[15] have
explored the relationship between genetic divergence and vaccine effectiveness, suggesting the
genetic distance between circulating and vaccine strains as an indicator for immune escape
potential. However, adirect, quantitative link between genetic divergence and real-world clinical
outcomes has not been established.

In this study, we extend the unsupervised ML algorithm by de Hoffer et al.[5] to analyze spike
protein sequences from six European countries. We assess the robustness of the algorithm across
geographically and temporally diverse datasets, identify the optimal sequence volume required
for early variant detection and evaluate predictive parameters for variant predominance.
Furthermore, we incorporate a deep learning classifier to improve early predictions of variant
dominance based on early prevalence trends. Additionally, we investigate impact of genetic
distance between variants and distances with vaccine strains on observed hospitalizations by
leveraging comprehensive Danish health data, together with different containment strategies. By
integrating the identification of emerging variants through genetic surveillance with a novel
analysis of the direct link between spike protein evolution and hospitalization, this study offers a
valuable framework for predicting and responding to future epidemics caused by novel viruses.
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M ethods

Data sources

We analyzed SARS-CoV-2 Spike protein sequences from Germany, Italy, Sweden, Denmark,
France, and Spain sourced from the GISAID database[16]. The Oxford Covid-19 Government
Response Tracker provided data on Containment and Health Index (CHI) through the end of
2022[17]. Weekly hospitalization numbers, reinfection percentages and weekly vaccination
coverage (VCR) in Denmark were obtained from the Denmark Statens Serum Institut
(SSI)[18]and complemented by the European Centre for Disease Prevention and Control
(ECDC)[19]. Variant-specific hospitalization risks were obtained from a retrospective study in
Washington State covering December 2020 to January 2022[20].

Cross-Country Variant Surveillance

Our analysis began with the algorithm developed by A. de Hoffer et al.[5], to identify viral chains
with the data from spike protein sequences collected between January 23, 2020 and January 15,
2024. Chains that were observed at least four weeks and had a peak prevalence exceeding 20%
were selected for analysis. Chains with the same or similar dominant sequence that represented
the same variant were combined. These chains were associated with the respective variants using
spike protein sequences available from NCBI (National Center for Biotechnology Information,
National Library of Medicine) and the CoVsurver app on GISAID.

We then fitted the frequencies of selected chains (P;) using a mathematical function of the time x
to modd their growth, with parameters L, b, and a, and decline, with L,, by, and a,.

1 1
Pc(x: a, b; L, az,bz,Lz) = L( —(X—b)> - L2 —(x=by)
1+e a l1+e @

Key parameters derived from thisfitting included (a) the growth rate, (b) the inflection point
(point of changein the trend), and (L) the upper asymptote (maximum expected prevalence).
When fitting only a limited number of weeks k, we labelled the parameters with a corresponding

subscript (i.e. ay)
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We also derived a parameter t, that measures the time taken to isolate the chain (t, = b —

6.91 x a), and studied its dependence upon the average number of sequences available per week.
A schematic representation of the main parameters used in thiswork has been reported in
Supplementary Figure S1).

Deep Learning-Based Early detection of predominant variant

The dataset was constructed by identifying viral lineages that were observed for at least four
consecutive weeks of sequence detection and could be used to derive the parameters needed for
the model. Real-world chains from six countries were labeled as the predominant chainsif they

eventually reached > 50% prevalence, and the rest as the “transient chains”.

Since real-world data for early-stage variant used to derive the parametersis limited, we applied a
data augmentation strategy to generate synthetic chains. For predominant chains, we fitted the
key parameters with different distributions from real chains (Supplementary Figure S2), and
generated new chains by sampling from these fitted distributions, adding a small noise using an
exponential error model. The prevalence at week 1 was computed and the growth curve was
recalculated iteratively.

For transient chains, we classified them into two transient chain groups (Supplementary Figure
S3): above-threshold (showing some growth tendency) and below-threshold (typically vanishing
early). Weekly prevalence differences, expressed as the percentage of chains (W;,, — W; ), were
computed for both groups and modeled using Gaussian distributions. Chains were generated
using an iterative procedure sampling weekly difference, ensuring non-negativity and mimicking
early extinction events when the values dropped to zero.

We next applied adeep neural network (DNN) model consisting of an input layer with 12
epidemiological features: prevalence at week 1,2, and 3, early-stage fit parameters

(as, bs, Ly, a,, by, L), and their first-order derivatives (a,’, b,', L,'). It wasfollowed by two
hidden layers with 64 and 32 neurons respectively, both Rectified Linear Unit (ReLU) activation.
The output layer utilized a sigmoid function for binary classification. Model training was carried
out using the Adam optimization algorithm and binary cross-entropy as the loss function. The
model was trained for 50 epochs using a batch size of 128. The training dataset was randomly
split into 80% training and 20% validation.
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162  To evauate theimpact of theinitial prevalence of the chains on the classification performance,
163  we generated three different datasets: case 1 - all chains, case 2 — only predominant chains with
164  15% of prevalence at week 1, and case 3 — only predominant chains with 2% prevalence at week
165 1. Each dataset was generated to get 10,000 predominant chains and 10,000 transient chains

166  chosen to allow areasonable training of the models. DNN models were constructed for each

167  dataset using different feature scenarios like using all twelve input features, prevalence values +

168 as, bs, L, Or prevalence values only.

169 Modd performance was evaluated using the Recelver Operating Characteristic (ROC) curve, the
170  False Positive Rate (FPR) at high True Positive Rate (TPR) thresholds, the confusion matrices,
171  and the signal-to-noise score distribution patterns.

172 Analysis of hospitalizations by variants in Denmark

173  Toinvestigate the relationship between SARS-CoV-2 genetic variation and hospitalization rates,
174  wefocused on Denmark due to the availability of comprehensive public data. We selected the
175  chains with >3 week prevalence and >50% of prevalence at least at one time point to reduce noise
176  from transient and low-prevalent chains. Chains with the same dominating sequences were

177  combined, even when gapsin their detection weeks led the model to classify them as separate.
178  We calculated the Levenshtein distances between dominating sequences of the consecutive

179  chains (LD1). We computed the distance between dominant sequence and the spike sequence
180 used in the corresponding vaccine being employed at the time (LD _vac). We used the Wuhan
181  strain (EPI_ISL_402124) sequence for the 2020 to 2021-22 season, the BA.5 strain

182  (EPI_ISL_14026118) for 2022-2023 season as both BA.1 and BA..4/5 bivalent vaccines were
183  introduced in that season[21,22], and the XBB.1.5 strain (EPI_ISL_16134259) for the 2023/24
184  season[23]. To estimate hospitalizations attributable to each variant chain, we assumed that the
185  proportion of sequences belonging to a given chain in any week reflected its proportion of

186  hospitalizations, which were then log-transformed. Other variables included in the analysis were
187  2-week lagged VCR if primary or booster doses were reported, 2-week lagged CHI which were
188  projected to be 21.43 beyond 2022 as this magnitude had been sustained since April 2022,

189 interaction of the lagged CHI with the detection week (CH_week), and hospitalization risk dueto

190 variantsin which sub-lineages of Omicron were considered as smilar[24-27].
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We used a CatBoost regression model to predict weekly hospitalizations per chain. The dataset
was randomly split into 80% for training and 20% for testing. We used 5-fold cross-validation
and fine-tuned the model hyperparameters with 2000 iterations. Finally, the model’ s predictive
performance was assessed by comparing predicted hospitalizations to observed values, examining
residual plots, and calculating R2 and mean absolute error (MAE). Feature importance scores,
SHAP (SHapley Additive exPlanations) plot, and partial dependence plots were generated to
understand each variabl€e's contribution.

Finally, we used the trained model to explore the impact of different scenarios. employing better-
matched vaccine (distance at 5 for those with >15), implementing sustained strong containment
measures (maximum observed CHI at 68.57) or temporarily for 8 weeks, doubling VCR, and
combinations of high CHI and doubling VCR. All scenarios except the first one were simulated
to take actions at week 4 and impact observed at week 6 due to 2-week lag.

We assessed the ssimulated impact of each scenario by comparing the predicted outcomes with
observed hospitalizations. We used 1000 bootstrap simulations to generate 95% confidence
intervals (Cls). The results were reported as weekly, cumulative, and percentage reductions.

Results

Cross-Country Variant Surveillance

A total of 2862331 sequences for the six countries were analyzed, resulting into 109 chains for
Germany, 142 chainsfor Italy, 95 chainsfor Sweden, 82 chains for Denmark, 89 chains for
France and 98 chainsfor Spain. A total of 10 chainsfrom Germany, 11 chainsfrom Italy, 8
chains from Sweden, 8 chains from Denmark, 7 chains from France and 12 chains from Spain

were selected and successfully matched with the circulating variants.

Comparison of the fit results for the prevalence time evolution for the six considered European
countriesis reported in Figure 1. The direct comparison of the six main variants across various
countries highlighted that the time evolution dynamics of each variant was largely independent of
the geographic location (Supplementary Figure $4).
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The growth rate parameters obtained from the fit at weeks 3 and 4 (a; and a,) differed between

dominant and transient chains, and may serve as early indicators of achain’slong-term behavior.
In dominant chains such as France chain 221, the parameters a, b, and L showed stability after a

few weeks in comparison with non-dominant chains like Denmark chain 169 with ongoing

fluctuations (Supplementary Figure S5).

The fitted curve provided the magnitude of sequencing effort required to minimize t, and
enhance early variant detection (Figure 2), and approximately 5000 sequences per week were
needed for the benchmark, t, = 4.

Deep Learning-Based Early detection of predominant variant

Theinitial dataset for the DNN model was composed of 37 predominant chains and 78 transient
chains. The models trained on the final dataset including simulated chains showed a very low
FPR value even at a very high value (99%) of TPR for all the three scenarios using the full set of
parameters (Supplementary Table S1). A simplified network obtained adding only growth-related

parameters (as , b; , L) also significantly improve the prevalence-only model accuracy.

ROC curves confirmed strong overall classification performance, with growth-related parameters
offering clear advantages in sengitivity, especialy in the more restrictive Case 3 dataset
(Supplementary Figure S6). However, relying solely on prevalence values implies a performance

drop.

The DNN score distribution further highlighted the effective discriminative power of the deep
learning model across all datasets except in the model with prevalence data only (Figure 3). A
summary of the classification performance of the deep learning model across all scenarios,
considering both different feature subsets and increasing levels of data restriction, can be found in
the supplementary Figure S7.

Analysis of hospitalizations by variants in Denmark

14 chains from Denmark were included, and 56,345 (80% of total) hospitalizations were
observed by these chains. Weekly hospitalizations by each chain were shown in Figure 4. High
distances were observed during the emergence of major variants such as Alpha (chain 53), Delta
(105), and the Omicron sublineages BA.2 (151), XBB.1.5 (303), and JN.1 (418) (Figure 4). The
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reinfection rate, CHI, VCR at each week, and distribution of CH_week can be found in
Supplementary Figures S8 and S9.

The CatBoost model demonstrated high predictive accuracy (Supplementary Figure S10),
achieving an overall R2 score of 0.98 and 0.85 on the unseen test dataset. The MAE was 0.10 for
the training set and 0.31 for the test set. Despite the higher error on the test data, the magnitude
remained small when compared with the outcome with a minimum of 0.52 and an average of
4.90. Residual diagnostics showed no evidence of heteroscedasticity or non-linearity
(Supplementary Figure S10).

The detection week of each chain was the most impactful variable, contributing 26.5% to the
model’ s explanatory power, followed by LD_vac (15.5%), VCR (14.6%), and LD1 (10.8%)
(Figure5). The SHAP plot (Supplementary Figure S11) indicated that the week counter showed
the highest impact on the outcome with top position, and exhibiting bell-shaped association in the
partial dependence plot (Supplementary Figure S12). High LD1 and LD _vac values indicated a
positive relationship with hospitalizations and high impact on the outcome, while negative
association was observed for CHI_lagged. Finally, hospitalizations also showed seasonal trends,
increasing during December and January and decreasing during July and August (Supplementary
Figure S13).

While ssimulating with better-matched vaccines, significant reductions in hospitalizations (26-
55%) were observed for chains 151, 216, and 418 while nonsignificant reductions observed for
chain 303 and no change for chain 378. Temporary or sustained CHI had minimal impact on
early waves chain until 123 observed before 2022, since CHI levels were already high during
these periods (average CHI >50). Doubling VCR alone produced no statistically significant
changes in hospitalization trends across any of the analyzed chains. Additional reductionsin

hospitalizations were observed in high CHI simulations when combined with doubling VCR.

Details of the smulated impact on the reduction in the percentages from total hospitalizations are
presented in Figure 6, and detail simulations of weekly hospitalizations and cumulative
hospitalizations can be found in Supplementary Figures S14,S15, and S16.
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Discussion

This study highlights severa critical insightsinto the optimization of SARS-CoV-2 surveillance
strategies and enabling proactive variant detection and response. It was found that approximately
5000 sequences per week for detection within 4 weeks target enables timely detection and
facilitates early intervention measures, and provides a universal guideline for sequencing
reguirements. Currently, reporting of SARS-CoV-2 sequencesin GISAID has been diminishing
sharply in al countries, and reached lowest point in July 2025 with 7,802 sequenced 16].

Unlike traditional surveillance, our DNN model rapidly identified dominant variants using only
the first few weeks of prevalence data. It improved this assessment by integrating sigmoid growth
parameters and their derivatives. Our findings with low initial-prevalence chains only even
showed similar (or even better) classification performance, supporting the idea that early-stage
variant detection is feasible even when initial chain prevalence is quite low, which iscritical for

timely public health responses.

These insights highlight a key advantage of deep learning over rule-based classification or
threshold-based methods. Instead of relying on arbitrary cutoffs for identifying concerning
variants, our model learned from observed epidemiological dynamics, allowing for data-driven
decision-making. Compared to previous studies our model demonstrates improved
performance]7,8], usability in real-time monitoring[6], and the adaptability and reliability in
scenarios with limited sequencing data[ 8].

Our study also reinforces the importance of vaccine matching and genetic monitoring in
mitigating variant impact. The distances between consecutive variants and distance from the
vaccine strain were among the most significant predictors of hospitalization rates, which was

supported by reduced vaccine effectiveness for new varianty 28,29].

Our simulations indicated a clear link between genetic distance and clinical outcomes at a
population level, except in one case, chain 378, which was first reported just before the
introduction of the matched XBB.1.5 vaccine. Building upon this, our finding highlights that
tracking genetic distance alone can provide actionable insights for hospital capacity planning,
even without complete epidemiological data


https://doi.org/10.1101/2025.09.03.25334908
http://creativecommons.org/licenses/by-nc/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.09.03.25334908; this version posted September 5, 2025. The copyright holder for this preprint

300
301
302
303
304
305
306

307
308
309

310
311
312
313
314
315
316
317
318
319
320
321
322
323
324
325
326
327
328
329

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

Strict non-pharmaceutical interventions showed a significant impact in reduction of
hospitalizations, and combining with doubling VCR showed additive benefits, which suggests
that a multifaceted approach could yield even greater benefits in the absence of matched
vaccines. The observed reductions, particularly in chainswith lower initial containment levels or
delayed vaccine strain matching, emphasi ze the importance of timely public health measuresin
the emergence of genetically distinct variants like chains 151 (BA.2), 216 (BA.5), and 418
(IN.2).

These insights provide a compelling case for sustained investment in genomic surveillance,
vaccine development, and integrated public health responses to safeguard against the evolving
threat of SARS-CoV-2 and other emerging pathogens.

Several limitations should be taken into account in our study. First, the performance of both the
clustering algorithm and the deep learning model was inherently dependent on the availability of
genomic data, and may introduce biases due to sequencing delays, particularly during the early
emergence of new variants. Second, the predictive power of the DNN relied on features extracted
during the first few weeks after a variant’ sinitial detection from the clustering algorithm, and
variants with delayed or irregular dynamics may challenge the model’ s classification ability.
Thirdly, the data augmentation strategy might not fully capture the diversity of real-world
evolutionary behaviors, particularly for variants exhibiting novel or outlier dynamics. Fourthly,
its ability to predict the trajectory of newly emerging variants, especially different viruses, in
real-time remains to be systematically validated. Future research should explore integrating real-
time data streams, improving robustness against sequencing gaps, and evaluating transferability
to other viruses. Another limitation isthat the proportion of variants among hospitalized patients
might be different from that in the general infected population. However, focusing on major
variantsin the model may partially address thisissue, as these variants are more likely to be
associated with higher hospitalization rates. Additionally, we were unable to incorporate detailed
population structures of vaccine recipients or hospitalized patients due to data availability
constraints. Furthermore, the long-term impact of vaccinations from previous seasons on
hospitalization rates was not included in our analysis. While this omission may not significantly
alter outcomes, it remains a factor worth exploring in future studies to ensure a more
comprehensive understanding. Finally, modifying key variables within the CatBoost model
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introduced wide Cls resulting many scenarios reduction insignificant. Future research should
aim to precisely quantify the relationship between the magnitude of variable modification and the
resulting predictive accuracy, thereby refining the ability to generate nuanced and robust hospital
burden forecasts. This would not only improve the interpretation of scenario-based predictions

but also support the development of more resilient and informative forecasting methodol ogies.

Conclusion

The integration of optimized sequencing rates, early-stage classification with deep learning, and
genetic-based hospitalization risk assessment offers a powerful, data-driven framework for
SARS-CoV-2 surveillance. We show that adequate sequencing volume (impacting on the time
needed to detect chains) together with classification models based on growth dynamics and
leveraging genetic distance as a key predictor can enhance the ability of public health systemsto
promptly identify and mitigate the impact of new variants. We demonstrate that early variant
classification isfeasible using only a few weeks of prevalence data and validating the importance
of sigmoid-based features in improving classification accuracy even with low initial-prevalence
chains. We prove evidence that genetic distance predicts hospitalization risk, supporting real-time
response strategies including vaccine adaptation programs and we highlight the need for
integrated deep learning, genetic monitoring, and vaccination strategies for pandemic
preparedness.

These findings contribute to a growing framework for real-time, adaptive surveillance systems
that can rapidly respond to emerging epidemiological threats. Future work will focus on
enhancing the robustness of the DNN model, exploring alternative architectures (e.g.,
transformer-based models), and refining transient chain modeling techniques to further improve

predictive accuracy.
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Figure 4. Weekly hospitalizations and Levenshtein distances between consecutive chains and
their respective vaccine strain distances for each chain, observed in Denmark from July 2020 to January 2024.
Variant classifications : Chain 53 - Alpha, 100 - Delta, 151 - Omicron BA.2, 216 - BA.5, 303 - XBB.1.5, 418 - JN.1.
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Figure 5. Feature importance of the CatBoost model for prediction of
weekly hospitalizations by chains in Denmark (Jul 2020 - Jan 2024).
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Simulation 1 - better-matched vaccine strain

Chain 418 - :
Chain 378 - 3
Chain 303 - :
Chain 265 - >
Chain 257 —e—
Chain 216 4 F——e—i.
Chain 151  +—e—i .
Chain 125 - —e
Chain 123 - ——e—
Chain 105 ——
Chain 100 - é
Chain 53 —o—
Chain 29 e
Chain 20 —e !
T T T T T T T
=50 0 50 100 150 200 250
Percentage change in total hospitalizations
Simulation 3 - temporary high CHI
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Simulation 5 - sustained high CHI + doubling VCR
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Simulation 2 - sustained high CHI
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Simulation 4 - doubling Vaccination Coverage (VCR)
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Figure 6. Changes in the proportion of total hospitalizations per chain in Denmark,
across different scenarios, with respective 95 % confidence intervals.
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