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Background: Antimicrobial resistance is a major global health threat, with B-lactamases
representing the most prevalent mechanism of resistance to B-lactam antibiotics in Gram-
negative bacteria. Among these, TEM B-lactamases (blatem) are the earliest identified and most
widely disseminated resistance determinants in Escherichia coli. Given the established
influence of canonical promoter variation on blatem expression and P-lactam resistance,
evolutionary diversification of the blatem upstream regulatory region can affect the resistance
phenotype. However, the extent to which upstream variation is associated with resistance
beyond changes in the coding sequence remains unclear.

Results: We analyzed 60,087 E. coli genomes from BV-BRC to characterize blatem upstream
regulatory regions, focusing on -35 and -10 promoter motifs and their relationship with -
lactam resistance. P3 was the prevalent canonical promoter, while multiple non-canonical
promoter types with distinct -10 and -35 motifs were identified. A causal-inference framework
estimated promoter-associated differences in resistance probability while holding the
underlying blatem variant profile constant. Average treatment effect estimates showed that
several P3 transitions were associated with increased predicted resistance probabilities across
multiple B-lactam antibiotics. Novel motifs from single-blatem isolates were further prioritized
by occurrence frequency and evaluated structurally with 6 DNA-recognition domains using
molecular dynamics simulations. Notably, the -35 TGCAAC motif maintained consistent 67
interactions, supporting its structural compatibility as a putative promoter motif potentially
relevant to blatem regulation and resistance-associated phenotypes.

Conclusion: Overall, this study integrates large-scale genomics, causal inference, and
structural analysis to investigate regulatory variation alongside coding-sequence changes,
providing insight into the evolving mechanisms of antimicrobial resistance.



Background

Antimicrobial resistance (AMR) is a major global health challenge that compromises the
effectiveness of antibiotics and substantially increases the burden of infectious diseases
worldwide (World Health Organization, 2023). AMR primarily arises through the acquisition
and dissemination of antibiotic resistance genes that enable bacteria to inactivate or neutralize
antibiotics, modify or protect drug targets, reduce intracellular antibiotic concentrations
through decreased permeability or active efflux, or circumvent drug action through metabolic
bypass pathways (1). While the horizontal transfer of resistance genes is widely recognized as
a major driver of AMR dissemination, the level at which these genes are expressed is equally
important in determining the resistance phenotype (2). In bacteria, transcriptional regulation is
primarily governed by promoter sequences that control when and to what extent genes are
transcribed, thereby influencing bacterial adaptation under antibiotic selection pressure (3,4).

Among the diverse mechanisms of antimicrobial resistance, enzymatic inactivation of
antibiotics by B-lactamases represents one of the most prevalent and clinically significant
resistance strategies. P-lactamases hydrolyze the conserved B-lactam ring of PB-lactam
antibiotics, thereby preventing the antibiotics from binding to penicillin-binding proteins and
inhibiting bacterial cell wall synthesis (5,6). Based on amino acid sequence homology, B-
lactamases are classified into four molecular classes (A-D) according to the Ambler
classification (7,8). Classes A, C, and D are serine -lactamases that utilize a conserved active-
site serine residue for catalysis, whereas Class B enzymes are metallo-p-lactamases that require
zinc ions for hydrolysis (6). Among these, Ambler Class A B-lactamases include the TEM
family, one of the earliest discovered and most extensively studied B-lactamase families and
an important group of resistance determinants in Gram-negative bacteria (9—11). Given the
widespread dissemination and continued diversification of blatem genes, this study focuses on
the evolution of their upstream regulatory regions, with particular emphasis on promoter
diversity and its potential contribution to B-lactam resistance. The prototype enzyme, blatem.1,
was first identified in the early 1960s from an Escherichia coli isolate obtained from a patient
named Temoniera, from whom the designation “TEM” was derived (9). Initially, blatem-1
conferred resistance primarily to narrow-spectrum penicillins, including ampicillin and
amoxicillin, and early-generation cephalosporins through hydrolysis of the B-lactam ring
(8,10,12). Continued antibiotic selection pressure has subsequently driven the diversification
of the blatem family, resulting in more than 240 characterized blatem variants with diverse
functional properties, including extended-spectrum B-lactamases capable of hydrolyzing third-
generation cephalosporins and inhibitor-resistant variants with reduced susceptibility to -
lactamase inhibitors (8,13,14). In addition to coding sequence diversification, the successful
dissemination of blatem has been facilitated by its frequent association with conjugative
plasmids, particularly IncF plasmids in E. coli, as well as other plasmid incompatibility groups
including IncI1, IncA/C2, IncL/M, IncN, IncX, and Col-type plasmids. Furthermore, blatem is
commonly embedded within Tn3-family transposons and associated with insertion sequences
such as [S26, enabling efficient horizontal transfer between plasmids and bacterial
chromosomes (15-18).

Expression of blatem is primarily controlled by promoter sequences located upstream of the
coding region. Transcription from these promoters is mediated by the housekeeping sigma
factor 6’°, which recognizes the conserved -35 and -10 promoter elements and recruits RNA
polymerase to initiate transcription(3,4). In E. coli, molecular characterization of blatgm-



associated promoter regions has identified four major naturally occurring promoter types - P3,
Pa/Pb, P4, and P5 that differ by only one or a few nucleotide substitutions within the promoter
sequence (19). Despite these relatively small sequence differences, these promoter variants
exhibit distinct transcriptional activities. The ancestral P3 promoter confers lower basal
expression, whereas promoter variants such as Pa/Pb, P4, and P5 can produce progressively
higher levels of blatem expression and B-lactamase activity (19,20). Although several naturally
occurring blatem promoters have been identified and experimentally characterized, their
prevalence, evolutionary relationships, and sequence variation have not been systematically
investigated using large-scale genomic datasets.

To systematically investigate the evolutionary diversity of the upstream regulatory regions of
blatem, we performed a large-scale genomic analysis of around 60,087 E. coli isolates obtained
from the Bacterial and Viral Bioinformatics Resource Center (BV-BRC). We first
characterized the prevalence, sequence diversity, and evolutionary relationships of canonical
promoter types (P3, Pa/Pb, P4, and P5) and previously unreported promoter variants. We then
examined insertion sequence (IS) elements within a 1,000-bp region flanking blatem to
investigate the mobile genetic contexts associated with different promoter variants. Next, we
applied a causal-inference framework to estimate promoter-associated differences in
antimicrobial resistance phenotypes while considering a constant blatem variant profile. To
further examine promoter variation in a less complex genetic background, the analysis was
extended to isolates carrying a single blatem gene, enabling the prioritization of putative novel
—35 and —10 promoter motifs. These selected motifs were subsequently subjected to structural
analysis of o’-promoter interactions to investigate the binding possibility. Together, these
analyses provide an integrated genomic, evolutionary, causal-inference, and structural
framework for investigating the contribution of blatem promoter evolution to antimicrobial
resistance in E. coli.

Results
Genomic distribution and diversity of blatem variants in global E. coli isolates

A large-scale global evolutionary analysis of the regulatory region of E. coli blatem genes were
performed to investigate their potential relationship with antimicrobial resistance. A total of
60,087 E. coli isolates were collected from BV-BRC including 2,548 isolates containing
explicitly annotated plasmid sequences. On performing screening for blarem P-lactamase
genes, we found nearly 20,317 genome isolates carrying 21,367 chromosome-derived
sequences and 965 genome isolates carrying 1,242 plasmid-derived blatem sequences (Fig. 1a).
Overall, 78 distinct blatem variants were detected on chromosomes, and 24 on plasmids with
blatem-1 and  blatem-150 being the most prevalent variants in both genomic contexts. Based on
the available metadata, blatem positive isolates ranged from the year 1951 to 2024 in
chromosome and from 1974 to 2024 in plasmid, with the highest number recorded in 2019 in
common. China and the United States contributed the largest and second-largest number of
isolates, respectively. The number of blatem occurrences per isolate in chromosome ranged
from 1 to 38, with observed counts of 1, 2, 3,4, 5,6, 7, 10, 12, 16, 19, 38 and in occurrences
in plasmid ranged from 1 to 35 with the counts of 1,2,3,4,5,8,35. The metadata along with
promoter motifs details for chromosome and plasmid reported in additional file (Additional file
1: Table S1a, S1b).



a) Dataset overview ¢) ECchromosome TEM variants conservation plot

2.00
o E Raw entropy
TEM-gene Containing ‘s 173 —— Smoothed entropy
Isolates 2150
o

gL
€ 100
Annotated Good €075
WGS/Complete Assemblies —-— 34% 21367 =
(BV-BRO) (20317/60087] TEM-variants 2 g 5

s 0.

0.00 <

800

—

66,051 -200 0 200 400 600
Chromosomes E Position relative to gene start (bp)

60,087 EC plasmid TEM variants conservation plot

Escherichia coli

Raw entropy
—— Smoothed entropy

/
entropy (bits)
&
3

n
o
s

YA 38% 1242
b= 988 /2828) TEM-variants :
k. 4 E 0.50
PI:fm‘ils 5oz
0.00 = 7

oo o 200 400 600 800
Position relative to gene start (bp)

b) Normalised phenotype distribution across antibiotics d) Promoter type distribution: chromosome & plasmid

n
=
S
@

10¢ —e— Chromosome
®- Plasmid

Propertion of datasets

Fig. 1 Overview of the blatem dataset, antimicrobial susceptibility phenotypes, sequence
conservation, and promoter distribution in Escherichia coli. (a) Overview of the analyzed
dataset, showing the total number of chromosomal and plasmid sequences, the proportion of
TEM-positive isolates, and the corresponding number of detected blatem genes. (b)
Normalized distribution of resistant and susceptible phenotypes among TEM-positive E. coli
isolates across B-lactam antibiotics. (¢) Shannon entropy-based conservation profiles of blatem
and its upstream regulatory region in chromosomal and plasmid sequences, with nucleotide
positions shown relative to the gene start site. (d) Distribution of blatem promoter types among
chromosomal and plasmid-associated sequences.

Antibiotic resistance phenotype distribution among blarem-positive isolates

The blatem-positive isolates were analyzed to investigate the antibiotic resistance phenotypes.
The analysis included antibiotics and antibiotic-inhibitor combinations relevant to blatem-
mediated beta-lactam resistance: amoxicillin, amoxicillin/clavulanic acid, ampicillin,
ampicillin/sulbactam, aztreonam, carbenicillin, cefazolin, cefotaxime, cefpodoxime,
cefpodoxime/clavulanic acid, ceftazidime, ceftriaxone, cephalothin, penicillin, piperacillin,
piperacillin/tazobactam, ticarcillin/clavulanic acid. Isolates were classified into resistant and
susceptible based on the available phenotypic data for each antibiotic. The normalized
phenotype distribution showed that blatem genes were present in both resistant and susceptible
isolates across all antibiotics examined (Fig. 1b). High proportions of resistance were observed
for several penicillins and first-generation cephalosporins, including amoxicillin, ampicillin,
carbenicillin, cephalothin, piperacillin, and ticarcillin/clavulanic acid. In contrast, aztreonam,
ceftazidime, cefotaxime, and several B-lactam/B-lactamase inhibitor combinations showed
relatively higher proportions of susceptible isolates despite the presence of blatem genes.



Evolutionary conservation and regulatory diversity across blarem upstream and coding
regions

To investigate the evolutionary dynamics of blatem genes in the collected E. coli isolates, the
upstream regulatory region and the coding regions were extracted to understand the sequence
conservation and variability present in both chromosome and plasmid. Position-wise
conservation analysis was performed on 21,114 chromosome-derived and on 1,242 plasmid-
derived TEM gene, focussing on a minimum of 250 bp upstream of the gene start site and the
complete coding region (Fig. 1c). In both genomic contexts, entropy-based conservation
analysis revealed distinct differences between the upstream and the blatem coding region. The
upstream region (~-250 to -50 bp) exhibited relatively higher and more variable shannon
entropy values, indicating increased sequence diversity. When comparing these regions
between genomic contexts, shannon entropy of plasmid (~0.75 bits) shows higher variability
in the upstream sequences when compared to chromosomes (~0.55 bits). Notably, entropy
gradually decreased closer to the gene start site (~-50 to O bp) suggesting increased
conservation of proximal regulatory elements involved in transcription initiation. In contrast,
the blatem coding region (0 to ~850 bp) displayed consistently low entropy across the entire
gene, indicating strong sequence conservation in both chromosomal and plasmid sequences.
Only minor entropy peaks were observed at specific positions, likely corresponding to known
variant-defining mutations, while the overall sequence remained highly conserved in both
chromosome and plasmid.

The promoter diversity was characterized using the upstream sequences of 21,367
chromosome-associated and 1,242 plasmid-associated blatem genes. Multiple known
promoters including P3, Pa/Pb, P4, and PS5, which differ in transcriptional strength and
expression level, were identified (19). Several novel promoter variants were detected,
observing variations in the -10 and -35 elements. The promoter type distribution revealed
distinct patterns between chromosomal and plasmid (Fig. 1d). It is important to note that the
total number of plasmid sequences carrying blatem genes in this dataset was lower than the
number of chromosome-associated blatem genes, which explains the reduced counts observed
for plasmid promoter types. Despite this difference in sample size, clear patterns emerge. The
P3 promoter is the most dominant type in both contexts, followed by Pa/Pb, while P4 and P5
were less frequent and were more commonly observed in chromosomal sequences. Notably,
several novel -10/-35 promoter variants were detected predominantly among chromosome-
associated blatem genes with only limited representation in plasmids. Overall, the
chromosomal dataset exhibited broader promoter variation than the plasmid dataset; however,
this difference may partly reflect the substantially larger number of chromosome-associated
sequences analyzed.

Promoter-blarem variant relationships and phenotype-associated regulatory diversity

A decoupling analysis was performed to examine the relationship between promoter types and
blatem variants in chromosomal and plasmid sequences. Additional file 2: Fig. S1 presents the
promoter type distribution of individual blatem variants in chromosome (blue circles) and
plasmid (orange triangles). Each panel represents one blatem variant, with the x-axis showing
promoter categories (numeric codes) and the y-axis showing the number of sequences. The
data show that while most minor or less-frequent blatem variants remain fixed to a single
promoter type, whereas major high-frequency variants exhibit regulatory multi-mapping. P3



was the most frequently observed promoter across many blatgm variants, especially in
chromosomal sequences such as blartem-1, blatem-135, blatem-12, and blatem-122, confirming its
central role in maintaining stable and efficient gene expression. Notably, ancestral variants like
blatem-1 display striking multi-promoter usage, shifting across multiple distinct promoter types
within identical coding sequences. This suggests that the occurrence of different promoter types
was independent of coding sequence evolution and may influence expression levels without
altering enzyme structure. Importantly, some blatem variants, mainly in chromosomes, were
observed with novel -10/-35 combinations.

The analysis was further extended by integrating the available resistance phenotypes across
multiple B-lactam antibiotics (Additional file 2: Fig. S2). P3 remained the predominant
promoter and was most frequently associated with blatem-1 across the antibiotics examined,
highlighting its central role as the primary functional promoter driving blatem expression.
Resistant isolates exhibited greater regulatory diversity compared to susceptible isolates,
including the presence of stronger promoters such as Pa/Pb, P4 and P5, which are known to
enhance transcriptional activity. Importantly, several novel promoter variants were identified,
including  -10_novel;-35 novel, -10 novel;-35 PS5 like, -10 P3 PS5 like;-35 novel,
-10 _novel;-35_P3 like, -10 PS5 like;-35 novel. These novel promoter configurations were
observed predominantly in resistant isolates and were rare or absent in susceptible populations.

Distribution and positional association of insertion sequences around blarem loci

To characterize the association of blatem loci with insertion sequences (IS), ISEScan was
applied to the predefined 1-kb upstream and downstream regions surrounding blatem genes in
chromosome- and plasmid-associated sequences. IS elements were identified in 2,948 of
20,317 blatem -positive chromosome isolates and 252 of 965 blartem -positive plasmid isolates.
Based on ISEScan annotation, 30% of chromosome-associated IS elements were classified as
complete and 70% as partial, whereas plasmid-associated IS elements comprised 73%
complete and 27% partial elements. Additional file 2: Fig. S3 shows the distribution of the
identified IS families according to their positional categories relative to the blarem locus.
Overall, 17 different IS families were identified across 26 blatem variants in chromosome-
associated sequences, while 13 IS families were identified across 11 blatem variants in plasmid-
associated sequences. Among the 3,130 [S-associated blatem entries in chromosomes, P3 was
the predominant promoter type (n = 2,951), followed by Pa/Pb (n = 91), =10 P3 PS5 like;
—35 novel (n =54), P4 (n=20), —10 _novel; =35 novel (n =38), —10 novel; =35 P5 like (n =
3), and P5 (n = 3). IS91 (n = 1,775), IS1182 (n = 614), and IS6 (n = 447) were the three most
frequently identified IS families in the chromosome-associated dataset. Among the 324 IS-
associated blarem entries in plasmids, P3 was similarly predominant (n = 306), followed by
Pa/Pb (n = 6), P4 (n=15), —10_novel; =35 novel (n =5), and —10_P3 P5 like; =35 novel (n
= 2). The most frequently identified plasmid-associated IS families were IS6 (n = 161), IS91
(n=51),and IS1182 (n=51). Additional file 1: Table S2 summarizes IS elements overlapping
the upstream region of the blarem locus. Most upstream IS overlaps were located more than
400 bp from the gene start site, indicating that direct overlap with the proximal —35 and —10
promoter regions were comparatively limited. Additional file 2: Fig. S4a, S4b further shows
the strand-normalized positional distribution of IS families relative to the blatem gene across
the different promoter types in chromosome- and plasmid-associated sequences.



Counterfactual analysis of antimicrobial resistance difference across novel promoters

Among the 21,367 blatem-associated promoter sequences analyzed, 494 (2.3%) did not match
any of the established canonical promoter types P3, Pa/Pb, P4, or P5 (Additional file 1: Table
S3). Interestingly, the presence of these non-canonical promoter types highlights under
characterized regulatory diversity and may reflect evolutionary diversification within the
blatem upstream region. Given the established differences in activity among canonical blatem
promoters, we examined whether the novel promoter types were associated with differences in
the predicted probability of antimicrobial resistance. At the chromosome level, we found 3327
genome isolates with resistance phenotypes and their promoter type information. None of the
plasmid isolates were identified with resistance phenotype; therefore, the causal analysis was
performed only on the chromosome entries. A counterfactual causal-inference framework was
used to estimate promoter-associated differences between canonical and novel promoter types
while maintaining for the constant blatem variant profiles. At the promoter-type level,
transitions from the canonical P3 promoter to other promoter types showed positive ATE
values across multiple antibiotics among comparisons meeting the predefined stability and
permutation criteria. This pattern was observed for transitions from P3 to both canonical and
several novel promoter types. Among the retained comparisons, the estimated ATEs for the
P3-to-Pa/Pb, P3-to-P4, and P3-to-P5 transitions ranged from 0.24 to 0.46, 0.19 to 0.42, and
0.17 to 0.38, respectively. Transitions from P3 to novel promoter types also showed positive
ATE values across multiple antibiotics, with estimates ranging from 0.16 to 0.46. The
maximum estimated ATE was 0.46, representing a 46-percentage-point difference in model
predicted resistance probability between the two counterfactual promoter conditions. For
promoter pairs in which both transition directions were reported, the reverse contrasts showed
corresponding ATE magnitudes with opposite signs, as expected from the ordered definition
of the pairwise comparison (Fig. 2a). To assess whether the positive ATE pattern observed at
the promoter-type level was shared across all novel motifs or was driven by only a subset with
larger estimated effects, the analysis was subsequently extended to the individual promoter-
motif level by performing counterfactual transitions between them. The analysis focused on
transitions from canonical promoter motifs to novel motifs. Several canonical-to-novel motif
transitions showed positive ATE values across multiple antibiotics, broadly resembling the
pattern observed at the promoter-category level (Additional file 2: Fig. S5). Transitions
originating from the canonical P3 motif showed a recurrent pattern of positive ATE values with
multiple novel motifs across different antibiotics. Therefore, a focused analysis was performed
to examine P3-to-other motif transitions (Fig. 2b). Several P3-to-novel motif transitions
showed positive model-estimated ATEs across multiple antibiotics, although their magnitudes
varied among the individual novel motifs.
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Fig. 2 Counterfactual effects of blatem promoter transitions on antimicrobial resistance
estimated using average treatment effects (ATEs). (a) Promoter-type-level transitions among
canonical and non-canonical blatem promoter types across the P-lactam antibiotics.
(b) Promoter-motif-level transitions originating from the canonical P3 motif to other canonical
and novel motifs, highlighting the recurrent positive ATE pattern observed for P3-originating
transitions. In both panels, ATEs were estimated while holding the observed blatem variant
profile constant, with each row representing the ordered transition indicated by the arrow.
Positive ATEs, shown from green to yellow with increasing magnitude, indicate a positive
difference in model-predicted resistance probability under the second promoter condition
relative to the first, whereas negative ATEs, shown from blue to purple, indicate a negative
difference. Only promoter-antibiotic transitions meeting the predefined criteria of ATE
stability > 0.80 and permutation (p < 0.05) are shown; all others are left blank. Bold black
borders indicate transitions with a non-zero pairwise overlap fraction; displayed cells without
borders lacked empirical overlap between the compared promoter conditions and therefore
represent model-based counterfactual estimates. The upper stacked bars show the number of
isolates with available phenotype data for each antibiotic and their susceptible (green) and
resistant (blue) distributions.

Resistance phenotype and genomic characterization of putative novel promoter motifs in
single-blatem isolates

We identified several non-canonical promoter motifs with sequence variations in the -35 and
-10 regions upstream of chromosomally located blatem genes. To assess their potential
functional and phenotypic relevance, we specifically analyzed isolates carrying a single blatem
variant with novel promoter motifs and with the absence of any additional B-lactamase genes.
The identified novel promoters were mapped to their corresponding isolate metadata and
antibiotic susceptibility profiles. A total of 12 such isolates were obtained, each exhibiting
phenotypic resistance to at least one -lactam antibiotic. Promoter sequence analysis of these
isolates revealed five distinct novel promoter motifs. Table 1 summarizes their frequencies
among the resistant isolates and across the entire blatem containing isolates. Among the 12
isolates for which metadata were available, six distinct multilocus sequence types (MLSTs)
were identified, with MLST.ecoli achtman 4.131 represented in five isolates. The isolates
were collected over a broad temporal range (2003—2017) and originated from four countries
such as the United Kingdom, Norway, Brazil, and the United States (Additional file 1: Table
S4). The selected isolates carried either blartem-1 or blatem-135, with each isolate containing a
single novel promoter motif. Analysis of the available MIC and disk-diffusion data showed
that isolates carrying the four blatem-1 associated motifs and the single blatem-135 associated
motif were resistant to ampicillin and piperacillin/tazobactam. Among the blatem-1 isolates,
three motifs- M1, M2, and M5 contained the novel -35 elements CCCAAA, TGCAAC, and
TTGAAG, respectively, together with the canonical P3/P5-like -10 motif GACAAT. The
remaining motifs were M4 in a blatem-1 isolate (-10: TGCAAC; -35: TAAGTT) and M3 in a
blatem-135 1solate (-10: AAGTAA; —35: TAAAAG). Across the complete dataset, M1 was
detected in 97 entries, followed by M2 in 96 entries and M4 in six entries, whereas M3 and M5
were each detected in a single entry. Based on their recurrence in the complete dataset, three
motifs- M1, M2, and M4 were selected for structural analysis to examine their potential
interactions with the ¢7° subunit.



Table 1: Putative novel promoter motifs identified among resistant single-blatem isolates and
their occurrence in the complete dataset. The table summarizes the corresponding -10 and -35
motif sequences, the number of single-blatem isolates having resistance to at least one f-lactam
antibiotic, and the frequency of occurrence of each motif across the complete dataset.

Resistant isolates | Frequency
Motif Novel Promoter _10 Resion | -35 Resion count with of
Number | Type g g single-blatem occurrence
gene in data
Motif 1 | 10-P3_PS_like; | o) cAAT | cccana |3 97
-35 novel
Motif2 | 1O-P3_PSlikes | oucaaT | TGCAAC |5 96
-35 novel
Motif3 | “10-novel; AAGTAA | TAAAAG |1 1
-35 novel
Motif4 | ~10-novel; TGCAAC | TAAGTT |2 6
-35 novel
Motits | LO-P3_PSlike: | ucaaT | TTGAAG |1 1
-35 novel

Interaction patterns of ¢’° with canonical and putative novel promoter motifs

To compare the protein-DNA interaction profiles of canonical and novel promoter motifs, the
modelled 6’>-DNA complexes were subjected to 100 ns molecular dynamics simulations. The
trajectories were analyzed for hydrogen-bond, salt-bridge, m-cation, and n—m stacking
interactions, and contacts present in at least 10% of the trajectory frames were retained for
comparison. Six-base motifs corresponding to the -35 and -10 regions were examined at their
respective ¢’* interaction interfaces. The -35 region was analyzed in a double-stranded DNA
context, whereas the -10 region was analyzed in a single-stranded DNA context. At the ¢’°
domain 4-DNA interface, the canonical -35:P3/P4-like (TTCAAA) and -35:P5-like
(TTGAAA) motifs exhibited a total of 21 and 32 interactions, respectively. The novel -35:M1
(CCCAAA), -35:M2 (TGCAAC), and -35:M4 (TAAGTT) motifs also exhibited 16, 25, and
25 interactions, respectively. Thus, M2 and M4 retained more persistent contacts than the
canonical P3/P4-like motif, whereas M1 showed the lowest number of interactions. The
P3/P4-like motif contained 12 hydrogen bonds and nine salt bridges, while the P5-like motif
contained 13 hydrogen bonds and 19 salt bridges. Among the novel motifs, -35:M1, -35:M2,
and -35:M4 exhibited 10 and 6, 13 and 12, and 11 and 14 hydrogen-bond and salt-bridge
interactions, respectively (Table 2). These findings indicate that -35 sequence variation was
associated with differences in both the number and composition of protein—-DNA contacts. In
particular, the greater number of contacts in the P5-like motif was mainly associated with an
increased contribution of salt bridges, while -35:M4 also showed more salt bridges despite
having fewer hydrogen bonds than the P3/P4-like motif. Residue-level analysis identified 12
o' residues (Arg554, Arg562, Leu573, Arg584, Arg586, Arg588, GIn589, Lys593, Arg596,
Lys597, Arg599, His600) participating in hydrogen-bond and/or salt-bridge interactions across
the five -35 simulations (Additional file 1: Table S5a). Although several residues were shared
among motifs, the greatest overlap was observed between the canonical -35:P5-like motif and



novel -35:M2 motif, which shared seven interacting residues. Overall, the motifs engaged
different subsets of 6’° residues while retaining a smaller group of recurrent contacts, indicating
promoter-dependent variation in the residue-level interaction network. At the ¢’° domains 2-
DNA interface, the canonical -10:P3/P5-like (GACAAT) and -10:P4-like (TACAAT) motifs
exhibited a total of 20 and 17 interactions, respectively, while the novel -10:M4 (TGCAAC)
motif exhibited 18 interactions. Hydrogen bonds were the predominant interaction class, with
14, 13, and 14 interactions observed for the -10:P3/P5-like, -10:P4-like, and -10:M4 novel
motifs, respectively. Each canonical motif formed two salt bridges, whereas the novel motif
formed three. One m-cation interaction was detected for each motif. In contrast, n—x stacking
interactions were observed only for the canonical motifs, with three interactions for -10:P3/P5-
like and one for -10:P4-like, while none persisted for the novel motif. Across the three -10
promoter simulations, 17 distinct protein residues (Ala382, Asn383, Arg385, Leu386, Lys418,
Glu420, Argd22, Argd23, Tyrd25, Lys426, Serd28, Thr429, Tyrd30, Thr432, Trp433, Trp434
and GIn437) were involved with varying interaction occupancies and the residue composition
among motifs (Additional file 1: Table S5b). Overall, the novel -10 and -35 motifs exhibited
interactions with o', with localized differences in interaction number, type, residue
participation, and occupancy relative to the canonical motifs. Based on the interactions and
frequency analysis observed in the putative novel motif -35:M2 showed a consistent pattern
over the simulation trajectory and their 3d-interaction view was reported in Additional file 2:
Fig. Sé6.

Table 2: Motif-level 67>-DNA interaction counts retained at >10% occupancy during the
100 ns molecular dynamics simulations. Interaction counts are shown separately for the -35
and -10 promoter regions and include hydrogen bonds, salt bridges, m—n interactions, and
n—cation interactions. The total represents the sum of all interaction types meeting the
predefined >10% trajectory occupancy threshold for each canonical or novel motif.

Region Motif H-bond | Salt bridge | =—= n—cation | Total
P3/P4-like
(TTCAAA) 12 9 0 0 21
P5-like
(TTGAAA) 13 19 0 0 32
CCCAAA-M1 | 10 6 0 0 16
TGCAAC-M2 | 13 12 0 0 25
-35region | TAAGTT-M4 | 11 14 0 0 25
P3/P5-like
(GACAAT) 14 2 3 1 20
P4-like
(TACAAT) 13 2 1 1 17
-10 region | TGCAAC-M4 | 14 3 0 1 18
Discussion

TEM B-lactamases encoded by blatem and its variants collectively hydrolyze a wide range of
B-lactam antibiotics, thereby contributing to antimicrobial resistance. Although bacteria have
developed multiple resistance mechanisms, the level of resistance-gene expression plays an
important role in determining the resistance phenotype and is modulated by upstream
regulatory regions. This study focuses on understanding the regulatory evolution of blatem



genes and its effect on the antimicrobial resistance in E. coli using large scale global genome
analyses.

The E. coli isolates analyzed in this study were MDR and harbored multiple AMR genomic
factors. This study focuses on understanding the evolution of regulatory regions of the blatem
genes along with its variants. The chromosome-derived dataset contained a greater number of
distinct blatem variants than the plasmid-derived dataset. The proportion of blatem -positive
sequences was approximately 38% in the plasmid-derived dataset and 34% in the chromosome-
derived dataset. This distribution is broadly consistent with previous studies highlighting the
extensive occurrence and exchange of antimicrobial resistance genes across plasmid and
chromosomal compartments (21,22). These findings are consistent with the important role of
plasmids as mobile genetic elements facilitating the dissemination of antimicrobial resistance
genes, whereas chromosomally encoded genes are primarily inherited vertically but can also
undergo horizontal transfer through mobile genetic elements (17,23-25).

The B-lactam resistance phenotypes of blatem-variant-carrying isolates were examined to
characterize their susceptibility patterns. Phenotypic information was available for 17 B-lactam
antibiotics. The occurrence of blatem in both resistant and susceptible isolates indicate that
gene presence alone does not consistently correspond to the resistance phenotype, suggesting
that additional factors, including the regulatory context of the gene, may contribute to the
observed phenotype. The detection of blatem genes in both resistant and susceptible isolates
align with large-scale genomic studies showing that antimicrobial resistance is shaped by
complex interactions among resistance genes, mutations, and regulatory elements, rather than
gene presence alone. Experimental studies have shown that reduced or heterogeneous
expression of resistance determinants can result in differences in B-lactam susceptibility despite
the presence of the corresponding resistance gene (26—28). Complementing these experimental
observations, recent ML/DL-based genomic studies have shown that resistance phenotypes are
better explained by combinations of resistance genes, mutations, and other genomic features
than by gene carriage alone, further highlighting the potential importance of regulatory context
in interpreting AMR phenotypes (29-31). Together, these results highlight the potential
importance of regulatory mechanisms, including promoter regions, in modulating the
expression of resistance determinants and contributing to differences in antimicrobial
susceptibility. Thus, analysis of upstream regulatory regions alongside resistance-gene
presence may provide a more complete understanding of the mechanisms underlying
antimicrobial resistance.

Given the importance of regulatory-region analysis in the context of AMR genes, this study
first examined the evolutionary conservation and regulatory-region diversity of blatem genes
in chromosomal and plasmid contexts. On observing distal upstream positions, variability was
more prominent, suggesting greater evolutionary modification of the upstream sequence, which
contains regulatory elements such as promoters and transcription-factor binding sites. Both
chromosome- and plasmid-associated blatem sequences showed a similar overall Shannon
entropy pattern, with greater variability in the upstream region than in the coding region. When
comparing the upstream regions between the two genomic contexts, plasmid-associated
sequences showed greater variability than chromosome-associated sequences. This observation
is consistent with the dynamic nature of plasmids as mobile genetic elements, which frequently
undergo horizontal transfer, recombination, and mobile-element-mediated rearrangements that
may contribute to diversification of their surrounding genetic regions (32,33). In contrast, the



comparatively lower variability observed in chromosome-associated upstream regions may
reflect greater sequence constraint within the chromosomal context, consistent with the
relatively stable organization and evolutionary constraints operating within bacterial
chromosomes (34,35). Existing studies have shown that variation within the upstream
regulatory and genetic environment of hlatem can influence gene expression and contribute to
differences in B-lactam resistance phenotypes. In blatem, established promoter types differ in
their -35 and -10 motifs and have been associated with differences in blatem expression, -
lactamase activity, and B-lactam resistance (19,36,37). The relatively low entropy observed
around these core promoter positions is therefore consistent with functional constraint on
promoter-associated sequence elements, although sequence variation is still present within
these regions. The comparatively low entropy observed around these core promoter positions
is therefore consistent with functional constraint on promoter-associated sequence elements,
although sequence variation is still present within these regions. The coding region shows very
low entropy in both chromosome and plasmid, indicating that most of the blatem coding
sequence remains highly conserved despite the emergence of numerous blatem variants,
Nevertheless, functionally important amino-acid substitutions can occur at particular positions
and alter substrate recognition and catalytic properties, contributing to the diversification of
blatem B-lactamases(10,12). Overall, this entropy plot reinforces that the blatem coding region
is highly conserved and functionally constrained, while the upstream regulatory region exhibits
greater variability, reflecting evolutionary flexibility in gene expression regulation alongside
comparatively limited changes in the coding sequence. A focused analysis of the upstream
regulatory region was performed by identifying the -35 and -10 promoter elements relative to
the blatem coding start site, which are involved in o-factor recognition during transcription
initiation. Based on these motifs, the identified regions were categorized into established
canonical promoter types such as P3, Pa/Pb, P4, and P5. These promoters have previously been
characterized and are associated with different levels of blarem expression and B-lactamase
activity (19). The analysis of diverse promoter types reveals P3 as the predominant promoter
type in both chromosomes- and plasmid-associated sequences, consistent with the historical
positioning as the ancestral blatem promoter. Early genetic mapping and transposon analyses
have established P3 as the native regulatory element associated with the classical Tn3 and Tn2
transposons (16,38,39). The analyses also identified several novel promoter combinations in
chromosomes and comparatively less in plasmid. From an evolutionary standpoint, one
possible explanation for this difference may involve the contrasting gene-dosage contexts of
plasmid- and chromosome-associated blarem. Experimental studies using multicopy blatem-1
carrying plasmids have shown that increased plasmid copy number can increase gene dosage,
expression, and resistance, thereby providing an additional mechanism for achieving elevated
resistance levels independent of promoter-sequence changes (23,40). In contrast, chromosome-
associated blatem generally occurs in a lower-copy genomic context, where changes in
promoter strength can provide an alternative mechanism for increasing gene expression and j3-
lactamase production under antibiotic selection. Promoter mutations in chromosomally
encoded B-lactamases have experimentally been shown to substantially increase expression
and resistance (19,20,41). This regulatory route may therefore help explain the greater diversity
of non-canonical promoter motifs observed among chromosome-associated blatem sequences
in the present study.

The overall distribution of identified promoter types was examined across blatem variants and
resistance phenotypes, as shown in Additional file 2: Fig. S1 and S2. Within our dataset, P3



was the most abundant promoter type and was most frequently associated with blatem-1, which
occurred in both resistant and susceptible isolates. blatem-1 was also the most frequently
observed variant and was linked to multiple promoter types in both chromosome- and plasmid-
associated sequences. These patterns are consistent with previous reports describing P3 as the
ancestral promoter upstream of blatem-1 and documenting the occurrence of blatgm-1 in
different promoter backgrounds (19,42). This suggests that promoter diversification can alter
blatem expression without changes to its coding sequence. This observation is consistent with
the entropy analysis as discussed in the Fig. 1c, which demonstrated strong conservation across
the blatem coding region while revealing substantially greater variability within upstream
regulatory sequences. Together, these findings suggest that regulatory diversification can occur
within blatem populations without requiring extensive changes to the P-lactamase coding
sequence, with the newly identified promoter types potentially reflecting evolutionary
diversification of the regulatory region. Comparison of promoter distributions between
resistant and susceptible isolates revealed phenotype-associated differences across several 3-
lactam antibiotics. Although P3 remained the dominant promoter in both groups, other
canonical promoter categories, such as Pa/Pb, P4, and P5, and with several novel -10 and -35
motif combinations, showed greater relative representation among resistant isolates for
multiple antibiotics, although this pattern was not uniform across all antibiotics. This pattern
suggests a possible contribution of promoter variation to differences in resistance phenotype
and is consistent with the established influence of blatem promoter variation on blatem
expression and B-lactam resistance (19,20,43). This regulatory and coding region decoupling
highlights an alternative evolutionary route in which a narrow-spectrum blatem enzyme can
contribute to increased B-lactam resistance through altered gene expression while retaining the
same encoded blatem protein. Experimental and clinical studies have similarly shown that
promoter variation and blatem-1 hyperproduction can substantially alter f-lactam resistance
without changing the enzyme itself (44,45). Similarly, the evolution of extended-spectrum (-
lactamases and inhibitor-resistant blatgm variants involves amino-acid substitutions that
modify the functional properties of the blarem enzyme (10,19,46,47). The observation on the
surrounding IS context reveals that a notable higher proportion of complete IS elements was
observed in plasmids (73%) than in chromosomes (30%), consistent with the established role
of plasmids as major carriers of mobile genetic elements involved in antimicrobial-resistance
dissemination (17). However, the overall IS-family distribution was broadly similar between
canonical and novel promoter contexts, suggesting no distinct IS signature associated with the
novel motifs. IS6, IS91 and IS1182 were among the most frequently observed families where
[S26 of the IS6 family has been directly linked to amplification and mobilization of blatem-1B
in E. coli, while IS91- and ISCfr1/IS1182-associated genetic contexts containing blatem have
also been reported (48,49). While most upstream IS overlaps were located beyond 400 bp from
the gene start, overlaps were also detected within the proximal upstream regions of blatem. The
occurrence of IS elements in these regions is consistent with previous reports of IS-mediated
modification of TEM promoter architecture, supporting the relevance of examining the
surrounding IS context in promoter evolution that may modify the promoter architecture and
influence the expression (50).

In this study, we examined whether counterfactual transitions from canonical to newly
identified promoter types were associated with higher estimated probabilities of antimicrobial
resistance after adjustment for the observed blatem variant profiles. This framework allowed
the resistance probability under two alternative promoter conditions to be compared while



retaining the same blatem variant profile for each isolate. Causal and counterfactual approaches
have also been applied or proposed in antimicrobial resistance research to examine outcomes
under alternative antibiotic exposures, define appropriate counterfactuals for estimating the
burden attributable to resistance, and evaluate antimicrobial treatment strategies (51-53).
These studies highlight the value of causal reasoning in AMR for moving beyond observational
associations to examine potential changes in outcomes under alternative exposures or
interventions. At the promoter-category level, transitions from the canonical P3 promoter to
other canonical and novel promoter types showed positive ATE values across multiple
antibiotics. For the canonical promoter comparisons, the positive direction of the P3 to other
canonical promoter estimates was broadly consistent with the established functional
differences among blatem promoters reported by (19). This positive pattern was further
examined at the motif level to determine whether it was shared across all novel motifs or limited
to a subset. Several P3-to-novel motif transitions showed positive estimated effects across the
analyzed antibiotics, suggesting that the differences may also extend to specific promoter motif
level. Although these estimates should be interpreted cautiously, particularly for rare promoter
architectures with limited promoter-blatem overlap, their consistency across multiple
antibiotics and stability under bootstrap and permutation analyses support the use of this
counterfactual framework for exploring potential relationships between promoter variation and
resistance-associated phenotypic differences.

The causal analysis identified several novel promoter motifs with significant resistance-
associated effects relative to the baseline P3 promoter. To reduce the influence of additional -
lactamase determinants, these motifs were subsequently examined in isolates carrying a single
blatem variant and no other B-lactamase genes. Five novel promoter variants were identified
among 12 phenotypically resistant isolates, of which M1(-10(GACAAT); -35(CCCAAA)),
M2(-10(GACAAT); -35(TGCAAC)), and M4(-10(TGCAAC); -35(TAAGTT)), which
recurred across the complete dataset were selected for structural analysis (Table 1 and
Additional file 1: Table S4). To provide structural support for considering these sequences as
putative promoter motifs, protein-DNA complexes were subjected to 100 ns molecular
dynamics simulations using the corresponding ¢’ promoter-recognition domains. The
canonical -10 and -35 motifs associated with P3, P4, and P5 were first examined as reference
systems and compared with experimentally established promoter characteristics and reported
o’%-promoter interactions, thereby providing a benchmark against which the protein-DNA
interaction patterns of the novel motifs could subsequently be evaluated. Among the canonical
-35 motifs, the P5-like sequence (TTGAAA) showed more retained 6’°-DNA interactions than
the P3/P4-like sequence (TTCAAA; 32 versus 21), largely due to a greater contribution of salt
bridges. This pattern is directionally consistent with Lartigue et al., who reported the highest
blatem-1 expression from the PS5 promoter and noted that its -35 sequence more closely
resembles the 6’° consensus element TTGACA. Their isogenic analysis further showed that
promoter sequence variation can alter B-lactamase activity and B-lactam susceptibility (19).
Although interaction number alone cannot be interpreted as a direct measure of promoter
strength, this agreement supports the biological relevance of the canonical -35 interaction
pattern. At the -10 interface, the P3/P5-like and P4-like motifs showed broadly comparable
interaction profiles, with 20 and 17 retained contacts, respectively, predominantly involving
hydrogen bonds. Residue-level analysis of the canonical -35 motif simulations was further
compared with previously reported 6’’-promoter interactions. Of the 11 ¢”° residues involved
in the canonical interaction profiles, seven, Arg554, Arg562, Leu573, Arg584, Arg586,



Arg588, and GIn589 have previous structural or experimental support for involvement in -35
recognition or promoter-DNA interaction (54-56). In particular, genetic and structural studies
have implicated Arg584 and Arg588 in sequence-specific recognition of the -35 element, with
Arg584 directly contacting the -31 base pair and Arg588 influencing promoter specificity at
the -33 position (54,57). Evidence for Lys593 has been reported to contact the promoter-DNA
backbone upstream of the -35 hexamer, around positions -38 to -39, although its specific
contribution to sequence-specific -35 recognition is less clearly established (58), while Arg596,
Lys597, and Arg599 are better characterized in other 6'° region-4 interaction contexts than as
established -35 DNA-contact residues (55,56,59,60). Their DNA contacts observed in the
present simulations were therefore treated as additional simulation-derived interactions.
Residue-level analysis of the canonical -10 motif simulations was similarly compared with
previously reported 6’ region-2-promoter interactions. 14 distinct residues were identified in
the simulations. Several residues identified in the canonical -10 simulations, including Asn383,
Arg385, Leu386, Lys418, Glu420, Serd28, Thr429, Tyr430, Thr432, and Trp433 correspond
to conserved o-factor positions previously implicated in —10 promoter recognition by structural
studies (61) with several of these residues additionally supported by E. coli-specific structural
or mutational studies (62,63). Among these, Thr429 plays an important role in promoter DNA
melting, whereas Tyr430 participates in recognition of the flipped -11A base through aromatic
stacking (64,65). Consistent with this mechanism, n—x stacking involving Tyr430 and promoter
DNA was also observed in the canonical -10 simulations. Lys426 has been implicated in
interactions with the —10 promoter region (62), while Trp433 and Trp434 form part of the
aromatic region involved in single-stranded DNA binding and open-complex formation
(63,66). Structural studies further support sequence-specific recognition of conserved —10
bases, including T—7, by o region 2 (67). GIn437 has additionally been linked genetically to
sequence recognition at the -12 position (68). For Ala382, clear residue-specific evidence for
an established -10 DNA-contact role was not identified in the primary literature examined; its
interaction was therefore considered an additional simulation-derived contact. Having
established the canonical interaction profiles, the selected novel motifs were examined using
the same criteria. Among the novel -35 motifs, M1 and M2 exhibited 16 and 25 retained
interactions, respectively, involving a combined set of 10 ¢’° residues, seven of which had
previous structural or experimental support for promoter-DNA interaction. The -35 motif of
M4 similarly exhibited 25 interactions involving seven residues, although only three had
comparable literature support. At the -10 interface, the -10 motif of M4 formed 18 interactions
involving 11 residues, 10 of which had previously reported structural or functional relevance
to ¢’%-promoter recognition. Thus, the novel motifs retained ¢’° interaction networks while
differing in the number, type, and residue composition of their contacts relative to the canonical
motifs. The novel motifs were therefore evaluated using three complementary lines of
evidence: their recurrence across the genomic dataset, the presence of protein-DNA
interactions exceeding the predefined occupancy threshold, and the involvement of 67° residues
with previous structural or experimental support for promoter-DNA recognition. Considering
these criteria together allowed recurrent sequence variants with substantial interaction
networks involving multiple literature-supported residues to be distinguished from less-
supported variants. Among the -35 motifs, M2 (TGCAAC) emerged as the best-supported
motif based on the combined criteria, occurring in 96 entries and maintaining 25 interactions
involving several residues previously associated with 6’°-DNA recognition. Together with its



estimated effect on the resistance phenotype relative to P3 in the causal analysis, these
observations support the consideration of M2 as a putative -35 regulatory motif.

The findings of the present study should be considered in light of a few limitations. Although
blatem variants were identified using a sequence similarity threshold of >90%, variant-specific
differences in resistance strength were not independently categorized. Novel promoter motifs
were identified based on their positional correspondence with previously reported promoter
motifs and a fixed 17-bp spacer between the -35 and -10 regions. Although bootstrap
resampling and permutation testing were used to assess the robustness of the causal estimates,
these estimates remain dependent on the underlying data structure, where sufficient overlap
between promoter transitions was limited, the resulting estimates may involve extrapolation,
and therefore require cautious interpretation. In addition, although the single-blatem-isolate
analysis excluded isolates carrying additional B-lactamase genes, other resistance mechanisms,
including efflux systems and porin alterations, may also contribute to the observed phenotype.
Despite these limitations, the integration of genomic occurrence patterns, causal analysis, and
molecular dynamics-based protein-DNA interaction profiles provide complementary evidence
for the contribution of regulatory-region variation to blatem-associated resistance. The
agreement between the interaction profiles of selected novel promoter motifs and established
structural and experimental evidence for ¢’°-promoter recognition further supports their
potential functional relevance and provides a basis for their consideration as putatively evolved
promoter motifs. Further experimental characterization would enable direct assessment of their
promoter activity and contribution to resistance.

Conclusion

This large-scale genomic analysis of the regulatory regions of E. coli blatem genes highlights
the importance of investigating promoter variation as a potential contributor to differences in
antimicrobial resistance phenotypes. Exploratory analysis shows the contrasting patterns of
sequence conservation between the highly conserved blatem coding region and its variable
upstream regulatory regions. The promoter diversity revealed broadly similar distributions of
promoter types across chromosomal- and plasmid-associated blatem genes, while also
identifying diverse novel promoter configurations. Causal analysis identified multiple novel
promoter motifs associated with significantly greater resistance effects compared with the
canonical P3 promoter. Subsequent evaluation in single-blatem containing isolates and
molecular dynamics-based structural analysis demonstrated that the selected novel motifs
maintained interactions with their respective 6’° domains. Among these, M2 (TGCAAC) at the
-35 region emerged as the best-supported candidate for consideration as a putatively evolved
promoter motif based on combined genomic, casual and structural evidence. Overall, this study
demonstrates the utility of integrating large-scale genomic analysis, causal inference, and
structural approaches to investigate regulatory-region evolution and provides insights into the
potential contribution of promoter variation in altering gene expression and contributing to
antimicrobial resistance.

Methods
Genome data collection and resistance gene identification

The BV-BRC database was systematically screened for E. coli genomes that were classified as
whole-genome sequenced (WGS) or complete assemblies and annotated with genome quality



as Good. Based on these criteria, a total of 60,087 E. coli genome FASTA files were
downloaded as of 10 December 2025 (69). AMR gene screening was performed using
ABRicate v1.0.1 (70) against the Comprehensive Antibiotic Resistance Database (CARD)
(71). The locally updated CARD database used for this analysis contained 6,052 curated AMR
genes as of the database update performed on February 1, 2026. Thresholds of 90% sequence
identity and 90% coverage were applied for gene detection.

Identification and extraction of upstream regulatory regions of blarem variants and IS
elements

Using custom python scripts, genomic contigs were classified into chromosomal and plasmid
sequences and exported into separate FASTA files. This process resulted in 60,087
chromosome FASTA files and 2,548 plasmid FASTA files. An in-house python script was then
used to extract upstream regulatory regions for isolates carrying blatem B-lactamase variants.
For each TEM-positive isolate, upstream regions were extracted with a minimum length of 100
bp and extended up to 500 bp where sequence context permitted. This analysis identified
20,317 genome isolates carrying a total of 21,144 blatem variants located on chromosomes, and
965 genome isolates carrying 1,242 blatem variants on plasmids (Fig. 1a). Promoter regions
were subsequently screened using in-house python scripts based on promoter definitions
described in the reference study (19). Isolates lacking known promoter motifs in the canonical
-10 and -35 regions were analyzed separately to identify putative novel promoter patterns. The
most frequently occurring -35 and -10 motif coordinates observed among the canonical
promoters were used as positional references, while a default 17-bp spacer was used to define
the relative spacing between the -35 and -10 elements. ISEscan (v1.7.3) was used to extract the
IS elements on these blatem -containing isolates (72). An inhouse script was used to extract IS
elements surrounding blatem genes within 1000 bp and classified as inside, near and overlap.
The inside category was defined when the entire AMR gene was located within the start and
end coordinates of an identified IS element. The near category corresponded to IS elements
located within 1000 bp surrounding the blatem gene without overlapping its coordinates,
whereas the “overlap” category corresponded to IS elements whose coordinates partially
overlapped with the blatem gene coordinates.

Curation and preprocessing of antimicrobial resistance phenotype data

For all selected isolates, laboratory-confirmed AMR phenotypes, including resistant
phenotypes were retrieved from the associated metadata. These were further curated to extract
resistance and susceptibility profiles for the B-lactam antibiotics. However, based on the
availability, we identified 17 B-lactam antibiotics which can be cleaved by blatem variants,
including amoxicillin, amoxicillin-clavulanic acid, ampicillin, ampicillin-sulbactam,
aztreonam, carbenicillin, cefazolin, cefotaxime, cefpodoxime, cefpodoxime-clavulanic acid,
ceftazidime, ceftriaxone, cephalothin, penicillin, piperacillin, piperacillin-tazobactam, and
ticarcillin-clavulanic acid. During data preprocessing, intermediate resistance phenotypes were
conservatively reclassified as resistant and other B-lactam antibiotics which do not have proper
phenotype data were excluded due to missing phenotype annotations.

Counterfactual analysis of promoter-associated effects on antimicrobial resistance

The contribution of promoter variation to antimicrobial resistance was investigated using a
regression-based counterfactual causal inference workflow. Promoter type was considered the



treatment variable, antibiotic resistance phenotype the binary outcome, and the presence or
absence of individual blatem variants was incorporated as observed adjustment covariates
representing the underlying blatem genetic background. The workflow comprised multinomial
propensity-score estimation, assessment of promoter-group overlap, and regression-based
counterfactual prediction for estimating pairwise Average Treatment Effects (ATEs), followed
by bootstrap resampling to assess the stability of the estimated effects and permutation testing
to determine whether the observed estimates were larger than those obtained under random
permutation of the antibiotic phenotypes. All analyses were performed in Python 3.12 using
pandas, NumPy and scikit-learn (73-75).

Definition of treatment, outcome, and adjustment covariates and assumptions

Causal inference requires explicit specification of the treatment, outcome, and covariates that
define the causal question of interest (76,77). The treatment represents the intervention or
exposure whose causal effect is to be estimated, the outcome represents the response variable
of interest under the treatment. Covariates are observed characteristics or variables included in
the analysis to account for differences among individuals or units that may be relevant to the
treatment—outcome relationship (77,78) (Fig. 3).

The treatment variable was represented as:
Xi € {PliPZI ---;PK};

where X; denotes the observed promoter category assigned to isolate i, and Pj represents the
k-th promoter category.

The outcome variable was defined as:
Y; € {0,1},

where Y; = 1 represents a resistant phenotype and Y; = 0 represents a susceptible phenotype
for the corresponding antibiotic.

The blatem variant covariates were represented as:
T; = (i tiz) ) tig),

where t;; denotes the presence (1) or absence (0) of the j-th blatem variant in isolate i, and q
represents the total number of blatem variant features included as adjustment covariates.

In the present study, promoter type was defined as the treatment variable (X), antibiotic
resistance phenotype as the binary outcome (Y), and the presence or absence of individual
blatem variants as observed adjustment covariates (T). blatem variants were included because
differences in the underlying f-lactamase genetic background may contribute to variation in
the observed resistance phenotype, and were therefore retained as adjustment covariates when
estimating promoter-associated counterfactual effects.

The counterfactual analysis was formulated under the standard causal inference framework of
consistency, positivity, and adjustment for observed covariates (77). Consistency requires that
each promoter category used in the causal analysis corresponds to a clearly defined promoter
motif combination, so that an isolate classified under a given promoter type represents the same



treatment condition throughout the analysis, while positivity refers to sufficient overlap in
promoter probabilities across the observed blatem variant profiles to support comparisons
between promoter types. The blarem variant profile was included as the set of observed
covariates in the analysis, allowing the promoter effects to be evaluated while accounting for
the observed genetic background of each isolate. Other biological or clinical factors that may
contribute to resistance were not included as adjustment covariates because of insufficient
details. The resulting counterfactual estimates therefore quantify differences in predicted
resistance probability associated with changes in promoter type while accounting for the
observed blatem variant profile.

Exposure: Adjustment covariate:
Promoter type TEM variant profile
Outcome:

Antimicrobial resistance phenotype

Fig. 3 Directed acyclic graph representing the causal structure specified for the counterfactual
analysis. Promoter type was defined as the exposure and antimicrobial resistance phenotype as
the outcome. The blatem variant profile was included as an adjustment covariate because
blatem variants may independently influence resistance, allowing counterfactual promoter
comparisons to be estimated while holding the underlying blatem genetic background constant.

Multinomial propensity score estimation

The first step of the analysis was the estimation of multinomial propensity scores. In causal
inference, a propensity score represents the conditional probability of receiving a particular
treatment level given the observed covariates (79). Since promoter type consisted of multiple
categorical treatment levels, multinomial logistic regression was used to estimate the
probability of belonging to each promoter category (80), with the binary presence or absence
of individual blatem variants included as observed covariates. For each isolate, the fitted model
therefore estimated a probability distribution across all promoter categories conditional on its
observed blatem variant profile, with the probabilities summing to one.

The propensity score for isolate i corresponding to promoter category k was defined as

e(k) =PX;=kIT;) (D

where X; denotes the promoter type of isolate i, T; represents the observed blatem variant
profile, and e; (k) corresponds to the estimated probability of belonging to promoter category



k conditional on the observed blatem variant profile. Thus, each isolate received a set of
category-specific propensity scores representing its estimated probability of belonging to each
promoter category based on its observed blatem genetic background. These estimated
propensity scores were subsequently used to evaluate the overlap between promoter categories
and assess the positivity assumption before the counterfactual effect estimation.

Assessment of the positivity (overlap) assumption

Following multinomial propensity score estimation, the positivity (overlap) assumption was
assessed prior to counterfactual effect estimation. Positivity requires that observations with
similar observed covariate profiles have a non-zero probability of belonging to each treatment
level under comparison (77). In the present study, pairwise overlap between promoter
categories was assessed using the category-specific propensity probabilities estimated from the
multinomial logistic regression model. For each pair of promoter categories, an isolate was
considered to contribute to shared support when the estimated propensity probability for both
promoter categories exceeded 0.01. The overlap fraction was calculated as the proportion of
isolates satistying this criterion:

, N, Ile;(a) > 0.01 and e;(b) > 0.01]
Overlap Fractionpy = N 2)

where e;(a) and e;(b) denote the estimated propensity probabilities for promoter categories a
and b, respectively, for isolate i, and N represents the total number of isolates included in the
comparison. The threshold of 0.01 was selected as a study-specific criterion to accommodate
the sparsity and imbalance of the biological dataset when identifying shared support between
promoter categories.

The overlap fraction represents the proportion of isolates with shared propensity support
between two promoter categories and serves as a quantitative measure of common support.
Larger overlap fractions indicate that a greater proportion of isolates have support for both
promoter categories based on their observed blatem variant profiles, whereas smaller overlap
fractions indicate that fewer isolates have such shared support within the available dataset.

Average treatment effect (ATE) estimation

Following the assessment of positivity, promoter-associated counterfactual effects were
estimated using the Average Treatment Effect (ATE). The ATE represents the average
difference between the potential outcomes under two alternative treatment conditions in the
same analysis population (77,78). In the present study, the ATE was used to quantify the
average difference in predicted antimicrobial resistance probability between two promoter
categories being compared. For each antibiotic, a separate binary logistic regression model was
fitted using antibiotic resistance phenotype as the response variable, promoter type as the
treatment variable, and the presence or absence of individual blatem variants as adjustment
covariates. Promoter categories were one-hot encoded, with one category serving as the
reference level to avoid perfect multicollinearity. The fitted model was then used to estimate
resistance probabilities under each promoter category included in the pairwise comparison.

For each isolate and promoter comparison, two predicted resistance probabilities were
generated using the fitted logistic regression model. The promoter category was first set to p,
and then to p;,, while the observed blatem variant profile of the isolate remained unchanged in
both predictions. The resulting probabilities were denoted as 7;(p,) and 7;(pp), where 7;(p)



represents the model-predicted probability of resistance for isolate i under promoter category
p. The pairwise ATE was calculated by averaging the difference between these predicted
probabilities across all isolates included in the corresponding antibiotic-specific analysis:

N
1
ATEy =5 ) [HiD) = Ri(po)] &)
i=1

where N denotes the total number of isolates included in the analysis for the corresponding
antibiotic. Thus, the ATE represents the average model-predicted change in resistance
probability associated with evaluating promoter category p;, instead of p,, while retaining the
observed blatem genetic background of each isolate.

A positive ATE indicates that the predicted resistance probability was higher under promoter
category p, than under p,, whereas a negative ATE indicates a lower predicted resistance
probability under p;,. For example, an ATE of 0.20 for the transition p, — p;, represents an
average increase of 20 percentage points in the predicted resistance probability under py,.

Bootstrap resampling for effect stability

Following ATE estimation, bootstrap resampling was used to assess the stability of the
estimated counterfactual effects across repeated sampling of the observed dataset. A total of
1,000 bootstrap samples were generated by sampling isolates from the complete dataset with
replacement, with each sample containing the same total number of observations as the original
dataset. For each bootstrap sample, ATEs were recalculated separately for each antibiotic using
isolates with available resistance phenotype and promoter information.

ATE stability for each antibiotic-specific promoter comparison was calculated across the 1,000
bootstrap iterations. An absolute ATE threshold of 0.01 was used as a study-specific criterion
to exclude near-zero bootstrap estimates, given the sparsity and imbalance of the promoter-
phenotype data. A promoter comparison was considered stable when at least 80% of the
bootstrap iterations produced an ATE exceeding 0.01 in absolute magnitude and retaining the
same direction as the ATE estimated from the original dataset.

ATE stability was calculated as:

No.of bootstrap iterations satisfying both magnitude & direction criteria

Total number of bootstrap iterations

Permutation testing of ATE significance

Following the bootstrap assessment of ATE stability, permutation testing was performed to
evaluate whether the magnitude of the observed ATE was greater than that expected under a
null distribution generated by randomizing the antibiotic resistance phenotypes. For each
antibiotic, the available resistance phenotype labels were randomly shuffled across isolates in
500 permutation iterations, while the observed promoter categories and blatem variant profiles
were retained unchanged. The ATE estimation procedure was repeated for each permuted
dataset to generate a null distribution for every antibiotic-specific promoter comparison.

For each comparison, a two-sided empirical permutation p-value was calculated as the
proportion of permuted ATE estimates whose absolute magnitude was equal to or greater than
that of the observed ATE:



#(|ATEperm| = |ATEgps|)

Pperm = o (4)

where ATE,,s denotes the ATE estimated from the original dataset, ATE)¢y, denotes the ATE
obtained from a permuted dataset, and Npepy, = 500. Comparisons with pperm < 0.05 were

considered to indicate that the observed promoter-associated effect was larger in absolute
magnitude than the effects obtained under the phenotype-randomized null distribution.

Following bootstrap resampling and permutation testing, promoter comparisons were
evaluated using the predefined criteria of ATE stability > 0.80 and permutation p-value <0.05.
Promoter comparisons satisfying both criteria were considered to show stable promoter-
associated counterfactual effects with permutation-based statistical support for the
corresponding antibiotic resistance phenotype. The stability criterion required that at least 80%
of the bootstrap iterations produced an ATE with an absolute magnitude greater than 0.01 and
the same direction as the ATE estimated from the original dataset, whereas the permutation test
assessed whether the magnitude of the observed ATE was unusually large relative to the null
distribution generated by randomizing the antibiotic resistance phenotypes. These
complementary criteria were used jointly to identify promoter comparisons whose ATEs
remained above the predefined magnitude threshold and directionally consistent across
bootstrap resampling, while also showing an observed effect greater than that generally
obtained under the phenotype-randomized null distribution, providing a basis for subsequent
hypothesis generation.

Computational assessment of resistance phenotypes associated with putative novel
promoter motifs

To further assess the identified putative novel promoter motifs in relation to -lactam resistance
phenotypes, isolates carrying these motifs were subjected to additional computational
screening. Novel-motif-containing isolates were first separated from the analyzed dataset and
subsequently filtered to retain isolates carrying a single blatem variant without any additional
B-lactamase genes, thereby reducing the potential contribution of other B-lactamases to the
observed resistance phenotype. Resistance phenotype information was then examined for the
resulting isolates, yielding 12 isolates with available phenotypic data. Analysis of these isolates
identified five putative novel motif configurations with variations in the -10 and/or -35 regions.
Of these, three motifs that were observed in more than one isolate were selected for subsequent
structure-based assessment using molecular dynamics simulation.

Structure-based assessment of putative novel promoter motifs using molecular dynamics
simulation

To assess whether the identified putative novel promoter motifs retained structural interactions
with 6’° comparable to those of the canonical promoter motifs, a structure-based analysis
followed by molecular dynamics (MD) simulation was performed. The DNA-bound cryo-EM
structure of the E. coli RNA polymerase ¢'°-containing promoter open complex (PDB ID:
6CAO0) (81) was used as the structural template. Domain 2 (residues 360-465) and Domain 4
(residues 530-612) of the 6”° (RpoD) subunit, corresponding to the regions interacting with the
-10 and -35 promoter elements, respectively, were extracted for subsequent structural analysis.
The canonical and novel -10 and -35 motifs were generated within the corresponding DNA



regions of the structural template by nucleotide substitution, while retaining the original ¢"°
structure. An 11-bp double-stranded DNA segment was used to represent the -35 region,
whereas a 12-nucleotide single-stranded DNA segment was used to represent the -10 region,
retaining the local DNA context required for analysis of ¢’’-promoter interactions. Both
canonical and novel -10 and -35 motif-containing systems were subjected to MD simulation
using the same simulation protocol. Prior to simulation, the complexes were pre-processed with
terminal capping enabled. Each system was subsequently solvated using the TIP3P water
model in an orthorhombic simulation box with a 10 A buffer distance around the solute. The
systems were neutralized with appropriate counterions and supplemented with NaCl to a final
concentration of 0.15 M. Molecular dynamics simulations were performed for 100 ns using the
OPLS4 force field in Desmond v8.3 (Schrodinger Release 2025-3) (82,83) at a temperature of
300 K and a pressure of 1.01325 bar. Trajectory frames were recorded at 100-ps intervals and
subsequently used for protein-DNA interaction analysis. Protein-DNA interactions across the
simulation trajectory were calculated using the Python-based interaction analysis script
available in Schrodinger Release 2025-3.
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