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ABSTRACT 

Aim: To explore whether motion features extracted from publicly available supplementary 

recordings distinguish the responses of surface-adhered Escherichia coli HCB136 to 

ampicillin and polymyxin B using Gaussian mixture models (GMMs) and Gaussian process 

regression (GPR). 

Methods: This secondary computational analysis included all seven supplementary 

recordings published by Johnson et al. (2017): three polymyxin B and four ampicillin 

recordings of non-motile E. coli K-12 HCB136 with paralysed flagella adhered to quartz 

resonators. Motion features were extracted using optical-flow and centroid-tracking 

procedures and explored using GMMs, principal component analysis, K-means clustering, 

video-level linear trends, and GPR. 

Results: Normalised motion decreased by 93–98% in the polymyxin B recordings and by 

50–62% in the ampicillin recordings. Polymyxin B recordings showed lower and less 

dispersed GMM-derived motion features, whereas ampicillin recordings showed greater 

between-recording variability. Descriptive temporal profiles showed distinct patterns, but 

independent predictive validation was not possible. 

Conclusion: The available recordings under the two antibiotic conditions showed different 

mechanical motion patterns in this secondary analysis. Because only seven publicly available 

recordings from one strain and one concentration of each antibiotic were analysed, the 

findings are exploratory and require validation against standard antimicrobial susceptibility 

endpoints. 

Keywords: ampicillin; Escherichia coli; models, statistical; polymyxin B 
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INTRODUCTION 

Bacterial mechanical motion can reflect physiological activity and stress responses before 

changes in population growth become apparent. Conventional antimicrobial susceptibility 

methods primarily assess growth inhibition or viability, whereas imaging and nanomotion 

approaches quantify early physical changes in individual cells or surface-adhered populations 

(1–3). These approaches may provide complementary information, although their analytical 

validity and relationship to established susceptibility endpoints require careful evaluation. 

Antibiotics with different mechanisms of action can produce distinct temporal responses. 

Beta-lactams such as ampicillin inhibit peptidoglycan synthesis and may produce delayed 

morphological disruption, whereas polymyxin B rapidly alters the Gram-negative cell 

envelope (3–5). Mechanical and optical signals have therefore been investigated as potential 

early indicators of antibiotic exposure (1–3). Bacterial motility can also influence adaptation 

in spatially heterogeneous antibiotic environments (6). 

Gaussian mixture models (GMMs) classify observations into latent components without 

prespecified thresholds, while Gaussian process regression (GPR) provides a probabilistic 

framework for modelling non-linear temporal trajectories and uncertainty. Gaussian 

processes have been used to model microbial growth and stress responses (7,8), but their 

combined use with mixture models for video-based bacterial motion phenotyping remains 

insufficiently characterised. 

The combined use of discrete and continuous motion models raises important methodological 

issues, including definition of the experimental unit, independence of recording-derived 

observations, reproducibility across biological replicates, and validation against conventional 

antimicrobial susceptibility testing. 
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This study aimed to characterise motion features in publicly available recordings of surface-

adhered E. coli HCB136 exposed to ampicillin or polymyxin B and to examine whether 

GMM- and GPR-derived summaries distinguish the resulting temporal patterns. 

MATERIAL AND METHODS 

Material and study design 

This secondary computational analysis used all seven supplementary recordings published by 

Johnson et al. (2017) under a Creative Commons Attribution 4.0 licence: three polymyxin B 

recordings and four ampicillin recordings. No new bacterial cultures, antibiotic exposures, 

imaging, or laboratory measurements were performed. 

In the original experiment, non-motile Escherichia coli K-12 HCB136 with paralysed flagella 

was grown in lysogeny broth at 37 °C with agitation. Cultures were diluted 1:500, incubated 

to an optical density at 600 nm (OD600) of approximately 0.05, concentrated by filtration, and 

resuspended to OD600 0.36 ± 0.02. Cells were adhered to poly-L-lysine-coated quartz-crystal 

resonators and exposed to ampicillin 100 µg/mL or polymyxin B 200 µg/mL. The AT-cut 

resonators had an approximately 5 MHz fundamental frequency, a diameter of 14 mm, and 

gold electrodes, and were coated with 200 µL of 0.01% poly-L-lysine for 5 minutes. Full 

experimental details are available in the source publication (3). 

Methods 

The source recordings were acquired with a 50× objective (numerical aperture 0.55) and a 

1392 × 1040-pixel, 12-bit greyscale camera over a 178 × 133 µm field. The supplementary 

files included a compiled time-lapse sequence assembled from images acquired at 

approximately 1-minute intervals and short real-time clips recorded for 20 seconds at 6 

frames/s. Images underwent background subtraction, greyscale normalisation, and Otsu 

binary segmentation. 
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Custom Python scripts applied optical-flow and centroid-tracking procedures to estimate cell-

cluster displacement over time. Frame-level displacement vectors were aggregated into a 

motion-intensity series for each recording. Each series was normalised to its own pre-

exposure baseline, which was set to 1.00; post-exposure values were expressed relative to 

that baseline. The post-exposure value reported in Table 1 represents the recording-level 

normalised value derived from the corresponding post-exposure motion series; values were 

not pooled across recordings. All seven publicly available recordings were included and 

treated as descriptive analytical units because the number of independent cultures, resonators, 

and fields of view could not be fully reconstructed from the source files. 

A combined analytical pipeline was used to summarise motion states with Gaussian mixture 

models (GMMs) and temporal trajectories with Gaussian process regression (GPR). 

For each recording, pixel-wise displacement vectors were calculated between successive 

frames using a custom optical-flow procedure. Motion magnitude M(t) at time t was defined 

as: 

(ݐ)ܯ =
1
ܰ෍ට(ݔ௜௧ାଵ − ௜௧)ଶݔ + ௜௧ାଵݕ) − ௜௧)ଶݕ

ே

௜ୀଵ

 

where N is the number of tracked pixels and (x, y) are the coordinates of pixel i at time t. This 

produced a time series {M(t)} representing the mean motion intensity per frame. 

A GMM was fitted to the distribution of motion magnitudes. The observed data X = {M(t)} 

were assumed to arise from a mixture of K Gaussian components: 

ܲ(ܺ) = ෍ߨ௞

௄

௞ୀଵ

 ࣨ(ܺ ∣ ௞ߤ ,  (௞ߑ

Parameters were estimated using expectation–maximisation, and the number of components 

was selected using the Bayesian information criterion: 



 

7 
 

BIC = −2log(ܮ) +  (݊)logݍ

where L is the likelihood, q is the number of estimated parameters, and n is the number of 

observations. Component membership was interpreted as representing distinct statistical 

motion states. 

GMM-derived motion features were used for descriptive multivariate analysis by principal 

component analysis (PCA) and K-means clustering. GMMs were fitted separately for the two 

antibiotic conditions, and the number of GMM components was selected using the Bayesian 

information criterion (BIC). The fitted component values formed the descriptive feature set 

used for PCA and K-means, and mean GMM component values were used as summaries of 

the fitted components. The plotted points in Figure 2 therefore represent GMM-derived 

observations rather than independent biological replicates. The available analysis record does 

not document additional feature scaling before PCA. The displayed K-means analysis used 

two clusters (k = 2), corresponding to the two clusters shown in Figure 2C. Because multiple 

observations could originate from the same recording, all multivariate results were interpreted 

descriptively and no confirmatory inference was performed. 

GPR was used descriptively to model within-recording motion trajectories during antibiotic 

exposure. Motion observations were smoothed before model fitting to reduce transient spikes. 

A radial basis function (RBF) kernel was used, with hyperparameters optimised by grid 

search; the posterior predictive distribution was used to interpolate trajectories and estimate 

uncertainty. The numerical hyperparameter values and exact smoothing specification were 

not retained in the analysis record. Accordingly, GPR was interpreted qualitatively and no 

independent predictive validation was performed. The temporal profiles in Figure 4A and 4B 

are presented as descriptive motion trajectories rather than as standalone GPR performance 

outputs. Given the motion observations M(t), the prior was defined as: 

(ݐ)݂ ∼ GP൫0, ,ݐ)݇  ൯(′ݐ
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A radial basis function kernel was used: 

,ݐ)݇ (′ݐ = ௙ଶexpߪ ቈ−
ݐ) − ଶ(′ݐ

2ℓଶ
቉ 

where σf
2 is the signal variance and ℓ is the length scale. Hyperparameters were optimised by 

grid search. The posterior predictive distribution was used to interpolate the temporal 

trajectory and estimate uncertainty. 

Statistical analysis 

Analyses were implemented in Python using scikit-learn version 1.4.1. GMMs were fitted 

separately for the two antibiotic conditions. GPR was used descriptively to smooth and 

illustrate temporal trajectories. For each recording, a simple linear-regression slope of 

normalised motion across the within-recording temporal sequence was used as a descriptive 

trend index. Because the supplementary recordings had different temporal sampling 

structures, slope magnitude was not interpreted as a common physical rate or used for 

confirmatory comparison across recordings. Recording-level trends were classified 

descriptively as increasing or stable according to the fitted slope pattern shown in the 

analysis. Because only seven recordings were available and biological independence could 

not be established from the public files, no independent predictive validation or confirmatory 

inferential testing was performed. 

RESULTS 

All seven publicly available recordings were analysed: three from the polymyxin B condition 

and four from the ampicillin condition. Motion intensity was normalised within each 

recording to the corresponding pre-exposure baseline, set to 1.00. Post-exposure values were 

expressed relative to this baseline and are reported as recording-level normalised values. 

Pre-exposure normalised motion was 1.00 in all seven recordings. After exposure, post-

exposure motion values in the polymyxin B group were 0.05, 0.02, and 0.07, corresponding 
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to reductions of 95%, 98%, and 93%, respectively. The corresponding values in the 

ampicillin group were 0.45, 0.38, 0.50, and 0.42, corresponding to reductions of 55%, 62%, 

50%, and 58%, respectively (Table 1, Figure 1). 

Figure 2 shows descriptive GMM-based summaries. Mean GMM component values were 

lower and less dispersed in the polymyxin B group than in the ampicillin group (Figure 2A). 

Principal component analysis showed partial separation of the two antibiotic conditions, with 

limited overlap (Figure 2B). K-means clustering (k=2) yielded one dominant cluster 

containing most observations and one small cluster defined by a high-PC1 observation 

(Figure 2C). Because multiple plotted observations could originate from the same recording, 

these multivariate patterns were interpreted descriptively rather than as independent 

biological-replicate evidence. 

Figure 3 presents recording-level temporal summaries. Three polymyxin B recordings and 

one ampicillin recording had low or near-zero trend slopes, whereas two ampicillin 

recordings had more positive slopes and one showed a slight negative slope (Figure 3A). 

Recordings classified as increasing had higher mean GMM component values than those 

classified as stable (Figure 3B). The slope-versus-mean plot showed higher and more 

dispersed values in the ampicillin condition (Figure 3C), and the violin plot showed a higher 

distribution of mean GMM-derived values in the ampicillin condition (Figure 3D). Because 

the recordings had different temporal structures, slope values were interpreted only as within-

recording descriptive trend indices, not as directly comparable physical rates. 

Figure 4 provides descriptive temporal and comparative motion summaries. In ampicillin 

recording 1, motion magnitudes ranged from 0.05 to 0.21 and declined markedly at 15–17.5 

seconds (Figure 4A). In polymyxin B recording 1, values ranged from 0.29 to 0.93 and 

peaked at approximately 15 seconds before declining (Figure 4B). Panels A and B are 

interpreted as descriptive temporal profiles rather than standalone predictive GPR outputs. 
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Across all observations, the mean-versus-standard-deviation plot showed broader dispersion 

for ampicillin (Figure 4C), and the boxplots showed higher mean motion magnitude and 

greater variability in ampicillin than in polymyxin B (Figure 4D,E). 

Unexposed control recordings were not available among the publicly available supplementary 

files and were therefore not analysed. 

DISCUSSION 

This analysis found different mechanical motion patterns in seven publicly available 

recordings of surface-adhered E. coli HCB136 exposed to ampicillin or polymyxin B. 

Polymyxin B was associated with larger reductions in normalised motion and less dispersed 

GMM-derived features, whereas ampicillin showed greater between-recording variability. 

These findings describe the available recordings and should not be interpreted as a validated 

comparison of antibiotic efficacy. 

The observed temporal differences are biologically plausible because ampicillin disrupts cell-

wall synthesis over time, whereas polymyxin B acts directly on the Gram-negative cell 

envelope (3,9,10). Previous nanomotion studies have shown that mechanical signals can 

change shortly after antibiotic exposure and may complement growth-based measurements 

(1–3). 

GMM and GPR provided complementary exploratory summaries: GMM represented latent 

distributions of motion features, while GPR was used to describe non-linear trajectories. 

However, the biological meaning of the mixture components was not independently 

validated, and the source dataset did not support an independent assessment of predictive 

performance. 

The main methodological contribution is the proposed combination of discrete and 

continuous models for exploratory motion phenotyping. Similar Gaussian-process methods 
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have been used to model microbial growth (7,8), but the present analysis requires validation 

using independent biological replicates before claims of classification or prediction can be 

supported. 

The relationships between slopes and GMM-derived values should be interpreted with 

particular caution. With only three polymyxin B and four ampicillin recordings, the observed 

patterns are highly sensitive to individual recordings and do not constitute cross-model 

validation. 

Motion-based measurements may eventually contribute to rapid phenotypic susceptibility 

testing, but clinical utility cannot be inferred from this study. Validation would require 

predefined inclusion criteria, multiple strains and antibiotic concentrations, comparison with 

minimum inhibitory concentration and reference antimicrobial susceptibility methods, and 

independent testing of resistant and susceptible isolates (2). 

This study has several limitations. It was a secondary analysis of only seven publicly 

available recordings from one non-motile E. coli strain and one concentration of each 

antibiotic. The number of independent cultures, resonators, and control recordings could not 

be fully reconstructed from the source files, and multiple fields or frames from the same 

culture may not represent independent biological replicates. The study did not include dose–

response experiments, minimum inhibitory concentration measurements, viability assays, or 

molecular markers of cellular injury. Exact computational reproducibility is additionally 

limited because the analysis record did not retain the named optical-flow implementation, any 

additional PCA scaling specification, the exact smoothing filter, or the numerical GPR 

hyperparameters. These limitations restrict reproducibility, mechanistic interpretation, and 

generalisability. 
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CONCLUSION 

Recordings obtained under the ampicillin and polymyxin B conditions showed different 

mechanical motion patterns in surface-adhered E. coli HCB136. The combined GMM–GPR 

framework may be useful for exploratory motion phenotyping, but larger biologically 

replicated datasets, accessible code and data, dose–response assessment, and validation 

against standard antimicrobial susceptibility endpoints are required before diagnostic 

application can be considered. 
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TABLES AND FIGURES 

Table 1. Normalised bacterial motion before and after antibiotic exposure in the seven publicly available 
recordings 
 

Video Antibiotic Pre-exposure 
normalised motion 

Post-exposure 
normalised motion 

Reduction 
(%) 

Video 1 PMB 1.00 0.05 95 
Video 2 PMB 1.00 0.02 98 
Video 3 PMB 1.00 0.07 93 
Video 1 Ampicillin 1.00 0.45 55 
Video 2 Ampicillin 1.00 0.38 62 
Video 3 Ampicillin 1.00 0.50 50 
Video 4 Ampicillin 1.00 0.42 58 

PMB, polymyxin B. 
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Figure 1. Normalised bacterial motion over time for E. coli exposed to (A) polymyxin B and (B) ampicillin. 
PMB, polymyxin B. 
 

 

 

Figure 2. Descriptive multivariate summaries of Gaussian mixture model (GMM)-derived motion features 
by antibiotic condition: (A) distribution of mean GMM component values by antibiotic condition; (B) 
principal component analysis of GMM-derived observations; and (C) K-means clustering of GMM-derived 
observations. 
GMM, Gaussian mixture model; PC, principal component; PCA, principal component analysis; PMB, 
polymyxin B. The K-means panel displays k = 2 clusters. 
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Figure 3. Descriptive recording-level temporal-trend and Gaussian mixture model (GMM) summaries by 
recording and antibiotic condition: (A) linear-regression trend slope for each recording; (B) distribution 
of mean GMM component values by motion-trend category; (C) relationship between motion slope and 
mean GMM-derived value by antibiotic condition; and (D) distribution of mean GMM-derived values by 
antibiotic condition. 
GMM, Gaussian mixture model; PMB, polymyxin B. Trend slopes are within-recording descriptive indices and 
are not interpreted as common physical rates across recordings with different temporal sampling structures. 
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Figure 4. Descriptive temporal and comparative motion summaries: (A) temporal profile of ampicillin 
recording 1, (B) temporal profile of polymyxin B recording 1, (C) mean motion magnitude plotted against 
motion variability, (D) distribution of mean motion magnitude by antibiotic condition, and (E) distribution 
of motion variability by antibiotic condition. 
GPR, Gaussian process regression; PMB, polymyxin B; STD, standard deviation. Panels A and B are presented 
as descriptive motion trajectories rather than standalone GPR performance outputs. 
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