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ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.

Key  Words:  antibacterial  drug  discovery;  Gram-negative  bacteria;  permeability;  compound 
accumulation; efflux; machine learning; physicochemical properties; antimicrobial resistance

© IIARJournal. All rights reserved.

ABSTRACT

Poor penetration and accumulation of compounds in Gram-negative bacteria is a principal reason 
that potent antibacterial leads fail, and machine-learning models are increasingly used to predict 
permeation and accumulation from chemical structure. This theoretical paper asks what such 
models can reasonably be expected to learn. The study is non-empirical and uses a conceptual 
research design. A corpus of peer-reviewed journal articles published between 2020 and 2026 
was assembled across four literatures, namely outer-membrane permeation and porin-mediated 
uptake,  efflux  transport  and  its  inhibition,  compound  accumulation  measurement  and  the 
prediction tools built upon it, and machine-learning discovery of antibacterial compounds, with a 
supplementary search on resistance burden and diagnostic capacity in sub-Saharan Africa. Every 
source  was  verified  against  its  Crossref  publisher  record  for  authorship,  journal,  volume, 
pagination and year, and screened for retractions, corrections and expressions of concern in both 
that record and the corresponding PubMed record; sources failing verification were excluded 
rather  than  corrected  by  inference.  Analysis  proceeded  by  classifying  each  measurement  in 
routine use according to the processes it collapses, and by theory construction from the resulting 
pattern. Three findings are reported. First, every label obtainable at the scale machine learning 
requires is a composite in which influx across the outer membrane, active efflux, partitioning 
between cellular  compartments  and target  engagement  are  summed into one number,  so the 
separate contributions are not identifiable and mechanistic interpretations of such models are 
unlicensed. Second, because the relative weight of these processes varies with organism, growth 
state and assay, transfer failure is governed by shift  in that  mixture rather than by chemical 
distance, which explains why accumulation rules established in one species need not hold in 
another whose dominant route of entry differs. Third, the inference a model licenses is fixed by 
its  held-out  design  rather  than  by  its  reported  accuracy.  The  paper  develops  a  four-layer 
framework relating the quantity of interest to the available label, the confounds between them 
and the validation design required,  distinguishes chemotype, species and condition failure as 
modes  with  distinct  remedies,  and  derives  six  falsifiable  propositions  and  eleven  reporting 
standards.  It  is  recommended  that  performance  be  reported  separately  by  split  design,  that 
condition-annotated  and  organism-resolved  measurement  be  prioritised  over  further 
accumulation of heterogeneous data, and that model applicability for African health systems be 
established in locally circulating isolates rather than assumed from reference strains.
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1. INTRODUCTION

The organisms that carry the heaviest share of the 
resistance burden are predominantly Gram-negative. 
Deaths  associated  with  bacterial  antimicrobial 
resistance  reached  an  estimated  4.71  million  in 
2021, and of all antibiotic classes it is resistance to 
carbapenems among Gram-negative organisms that 
has risen fastest; the same analysis estimates that a 
drug pipeline directed at Gram-negative pathogens 
could  cumulatively  avert  some  11.1  million 
resistance-attributable  deaths  between  2025  and 
2050 (Naghavi et al., 2024). In sub-Saharan Africa 
the  projected  toll  is  severe  and  surveillance  to 
characterise it is thin (Totaro et al., 2025).

The  scientific  obstacle  is  long  established  and 
specific. Gram-negative bacteria are enclosed by an 
outer  membrane  whose  asymmetric  glycolipid 
leaflet  excludes  large  and hydrophobic  molecules, 
and  whose  hydrophilic  channels  admit  only 
compounds  of  restricted  size,  charge  and  shape; 
what does cross is then subject to active expulsion 
by  broad-specificity  efflux  transporters.  The  two 
mechanisms act together rather than additively, so 
that  small  changes  in  either  can  produce  large 
changes  in  how  much  compound  reaches  an 
intracellular  target  (Zgurskaya,  Walker,  et  al., 
2021).  Compounds  potent  against  isolated  targets 
therefore routinely fail against whole Gram-negative 
cells, and the failure is one of exposure rather than 
of pharmacology.

Machine  learning  has  been  brought  to  bear  on 
this problem with notable success.  Models trained 
on  whole-cell  growth-inhibition  screens  have 
identified  antibacterial  compounds  that  were  then 
confirmed  experimentally,  including  agents  active 
against priority Gram-negative pathogens (Stokes et 
al.,  2020;  Liu et  al.,  2023),  and the approach has 
since been extended to larger virtual libraries and to 
unconventional sequence space (Scalia et al., 2025; 
Torres et al., 2025). These results are genuine. They 
have  also  encouraged  a  broader  expectation:  that 
models  can  be  trained  to  predict  penetration  and 
accumulation from chemical structure, and that such 
predictions  can then  guide  compound selection in 
programmes  targeting  organisms  and  chemotypes 
the models have not seen.

This paper asks what such models can reasonably 
be expected to learn. Its argument is that the limit is 
not primarily one of algorithm or of sample size, but 
of  what  the  available  labels  measure.  Every  label 
that can be generated at the scale machine learning 
requires  (a  minimum  inhibitory  concentration,  a 
whole-cell accumulation value, an efflux ratio) is a 
composite  in  which  influx  across  the  outer 
membrane,  active  efflux,  partitioning  between 
cellular  compartments  and  engagement  with  the 
target  are  summed  into  a  single  number.  The 
separate contributions are not recoverable from that 
number. A model trained on it learns the composite, 
which  is  well  defined  only  for  the  organisms, 
growth conditions and assay formats that produced 
the  training  data,  and  whose  internal  composition 
changes when any of those change.

The  paper  therefore  sets  out  to  identify  the 
determinants that a structure-based model of Gram-
negative  penetration  would  have  to  capture;  to 
analyse how assay design and dataset composition 
bound what published data can teach; to specify the 
circumstances  in  which  predictions  for  novel 
chemotypes and unfamiliar species are unreliable; to 
develop a  framework relating each determinant  to 
the data, descriptors and validation design required 
to  model  it  credibly;  to  state  in  falsifiable  form 
when permeation prediction should and should not 
guide compound selection; and to propose reporting 
standards  that  would  allow a  reader  to  determine 
what  a  published  model  supports.  The  study  is 
conceptual  and  generates  no  new  measurements. 
Section 2 reviews the relevant literature, Section 3 
states the design and verification protocol, Section 4 
presents  the  framework,  the  propositions  and  the 
reporting standards and discusses their implications, 
including for antibacterial development intended for 
African  health  systems,  and  Sections  5  and  6 
conclude.

2. LITERATURE REVIEW

2.1 CONCEPTUAL REVIEW

Penetration is not a single property. In the sense 
that matters for antibacterial activity it denotes the 
free concentration of a compound at its intracellular 
target, sustained over the period in which the target 
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must be occupied. No scalable assay measures that 
quantity. What is measured instead is one of a small 
family  of  proxies:  a  minimum  inhibitory 
concentration,  which  reports  the  end  point  of  the 
whole chain from medium to target engagement; a 
whole-cell  accumulation  value,  usually  by  mass 
spectrometry  of  lysed  cells,  which  reports  total 
compound  associated  with  the  cell  without 
distinguishing  where  it  sits;  a  permeability 
coefficient for an isolated channel; or an efflux ratio 
comparing a wild-type strain with a pump-deficient 
mutant.

Each  proxy  is  informative,  and  each  collapses 
several processes into one number. This paper uses 
the term composite label for such a measurement, 
and treats  the gap between the composite and the 
quantity  of  interest  as  the  central  conceptual 
problem  rather  than  as  measurement  noise.  The 
distinction matters because noise is reduced by more 
data, whereas the collapse of distinct processes into 
a single label is a property of the measurement that 
no quantity of further measurement of the same kind 
will undo.

2.2 THEORETICAL REVIEW

Four  classes  of  determinant  stand  between  a 
compound in the medium and a compound engaging 
an intracellular target in a Gram-negative cell. The 
first is transit of the outer membrane. Its asymmetric 
leaflet  of  lipopolysaccharide  retards  hydrophobic 
diffusion,  so  small  hydrophilic  compounds  pass 
predominantly  through  water-filled  porin  channels 
whose  constriction  zones  impose  requirements  on 
size, charge distribution and molecular shape rather 
than  on bulk  lipophilicity  (Prajapati  et  al.,  2021). 
Channel-level  electrophysiology  confirms  that 
translocation  depends  on  the  alignment  of  a 
compound's dipole with the electric field inside the 
constriction,  a  property  not  captured  by  partition 
coefficients (Ghai, 2024).

The  second  is  active  efflux.  In  Gram-negative 
organisms  the  dominant  systems  belong  to  the 
resistance-nodulation-division  superfamily,  are 
driven by the proton-motive force across the inner 
membrane,  and  recruit  accessory  proteins  to  span 
both membranes (Zgurskaya, Walker, et al., 2021). 
They  are  strikingly  polyspecific,  exporting 
structurally  unrelated  compounds  through 
overlapping binding sites, so whether a compound is 
a substrate is a matter of degree rather than of kind 
(Zgurskaya, Malloci, et al., 2021). Critically, efflux 
and  the  permeability  barrier  are  not  additive  but 

synergistic: because efflux acts on whatever crosses, 
the steady-state intracellular concentration depends 
on the ratio of the two rates, and a modest change in 
either  can  produce  a  disproportionate  change  in 
accumulation (Zgurskaya, Walker, et al., 2021).

The  third  determinant  is  compartmental 
partitioning.  The periplasm and the  cytoplasm are 
distinct  compartments  with  distinct  access,  and 
efflux from them proceeds at very different rates (Li 
et  al.,  2024).  A  whole-cell  accumulation 
measurement  sums  them.  The  fourth  is  target 
engagement, which depends on the free rather than 
the total intracellular concentration and therefore on 
binding to intracellular macromolecules.

The  theoretical  claim  advanced  here  follows 
from these four acting in series on a measurement 
that  reports  only  their  product.  Influx,  efflux, 
partitioning  and  engagement  are  not  separately 
identifiable from a composite label, and the relative 
weight  of  each  varies  with  the  compound,  the 
organism, the growth state and the assay. A model 
fitted to  such labels  therefore  estimates  a  mixture 
whose  composition  is  a  property  of  the  training 
setting  rather  than  of  chemistry  alone,  and  its 
predictions are licensed only where that composition 
is preserved.

2.3 EMPIRICAL REVIEW

The empirical literature supports each element of 
this  account.  Systematic  study  of  compound 
accumulation  in  Escherichia  coli  has  yielded 
predictive  guidance  relating  accumulation  to  the 
presence  of  an  ionisable  nitrogen,  low  three-
dimensionality  and  limited  flexibility,  and  that 
guidance has been used to convert  Gram-positive-
only  agents  into  broad-spectrum  ones  (Muñoz  & 
Hergenrother,  2021;  Zhao  et  al.,  2020).  A 
standardised  mass-spectrometric  protocol  with  an 
accompanying  predictive  tool  has  made  such 
measurements reproducible (Geddes et al., 2021).

The  same  literature  demonstrates  the  limits  of 
transfer. Accumulation in Pseudomonas aeruginosa 
was  found  to  proceed  largely  independently  of 
porins,  so  that  the  compound  features  governing 
entry differ from those established in E. coli, and a 
separate  set  of  rules  was  required  (Geddes  et  al., 
2023). Predictors of efflux avoidance and inhibition 
in the same organism depended on species-specific 
descriptors,  including  interactions  with  particular 
residues  of  the  MexB  transporter  (Mehla  et  al., 
2021).  Reviews  of  entry-facilitating  strategies 
accordingly  treat  each  priority  pathogen's  outer 
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membrane  as  a  distinct  problem  (Saxena  et  al., 
2023), and disrupting the barrier changes what the 
measured  quantity  means  (MacNair  &  Brown, 
2020).

Condition dependence is equally well evidenced. 
The  contribution  of  efflux  to  intracellular 
accumulation has been shown to be large in actively 
growing  cells  and  negligible  in  stationary  phase, 
where envelope remodelling makes permeability the 
dominant  term;  the  same  strain  and  compound 
therefore  yield  different  accumulation  depending 
only  on  growth  state  (Whittle  et  al.,  2021). 
Quantification of efflux in clinical isolates likewise 
shows  that  the  contribution  of  expulsion  to  a 
resistance phenotype varies between strains carrying 
the  same  target  mutations  (Ferrand  et  al.,  2023). 
Assay format contributes its own variation: vesicle-
based permeation assays, channel electrophysiology 
and  whole-cell  accumulation  each  report  different 
quantities (Richter et al., 2021).

Physics-based  simulation  offers  a  route  around 
the  composite  label  by  computing  permeation 
directly,  through  molecular  dynamics  of 
translocation  (Deylami  et  al.,  2024)  or  faster 
Brownian-dynamics approximations (Acharya et al., 
2023), and by resolving how efflux and permeation 
jointly determine accumulation (Saha et al., 2020). 
These methods are mechanistic but compound- and 
channel-specific, and do not yet scale to the libraries 
that machine learning addresses.

Machine  learning  in  this  field  has  meanwhile 
succeeded where the composite label is exactly the 
quantity  of  interest.  Models  trained on whole-cell 
growth inhibition identified antibacterial compounds 
subsequently confirmed in the laboratory (Stokes et 
al.,  2020),  including  an  agent  active  against 
Acinetobacter  baumannii  that  was  discovered  by 
screening against  that  single  organism (Liu et  al., 
2023),  and the  approach has  been scaled  to  large 
virtual libraries (Scalia et al., 2025) and extended to 
unconventional source material (Torres et al., 2025) 
and  to  mechanistic  elucidation  (Catacutan  et  al., 
2025).  It  has  also  been  applied  to  efflux-pump 
inhibitors (Bera et al., 2024) and resistance enzymes 
(Cheng  et  al.,  2024),  and  generative  approaches 
coupled  to  simulation  have  been  used  for 
antimicrobial design (Das et al., 2021). What these 
successes share is that the model was asked to rank 
compounds for the organism and assay on which it 
was trained.

The gap this paper addresses is therefore not a 
shortage of models or of mechanistic knowledge. It 

is  the  absence  of  an  explicit  account  relating  the 
determinants  of  penetration to  the labels  available 
for learning them, and of the validation designs that 
would  license  particular  inferences  from  such 
models.

3. MATERIALS AND METHODS

3.1 RESEARCH DESIGN

This study is non-empirical and uses a conceptual 
research  design.  The  unit  of  analysis  is  the 
published literature rather than compounds, bacteria 
or  patients,  and  the  output  is  a  framework  with 
falsifiable  propositions  rather  than  a  dataset.  No 
compound  was  synthesised,  no  accumulation  was 
measured  and  no  model  was  trained.  There  is 
consequently no sample, no randomisation and no 
statistical inference; what follows describes how the 
literature was assembled, how claims were admitted 
and  on  what  basis  the  paper's  two  recurring 
judgements were made.

3.2 CORPUS CONSTRUCTION

Four  bodies  of  literature  were  searched:  outer-
membrane  permeation  and  porin-mediated  uptake; 
efflux  transport  and  its  inhibition;  compound 
accumulation measurement and the prediction tools 
built  on  it;  and  machine-learning  discovery  of 
antibacterial  compounds.  A  supplementary  search 
covered  antimicrobial  resistance  burden  and 
diagnostic capacity in sub-Saharan Africa, to anchor 
the  analysis  in  the  setting  for  which  the  authors 
write.  Searches  were  conducted  in  PubMed  and 
supplemented by citation tracing from the retrieved 
reviews.

Sources  were  included  where  they  were  peer-
reviewed  journal  articles  published  between  2020 
and  2026,  treated  at  least  one  of  these  domains 
substantively, and reported enough methodological 
detail  for  the  cited  claim  to  be  attributable,  in 
particular, for permeation and accumulation studies, 
the  organism,  the  growth  conditions  and  the 
measured quantity.  Preprints,  conference abstracts, 
theses, commentaries without original synthesis, and 
sources  whose  claims  could  not  be  traced  to  the 
specific  statement  they  were  cited  for  were 
excluded.  Priority  was  given  to  primary  reports 
stating assay conditions  explicitly,  and to  reviews 
that aggregate such conditions rather than restating 
conclusions.
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3.3 CITATION VERIFICATION PROTOCOL

Every source admitted to the reference list was 
verified against its publisher record before citation, 
under a five-check protocol. First, the digital object 
identifier was resolved against the Crossref registry 
and  the  record  compared  field  by  field  with  the 
citation:  authors  and  their  order,  title,  journal, 
volume,  issue,  pagination  or  article  number,  and 
year.  Second,  each  record  was  screened  for 
retractions,  corrections,  errata  and  expressions  of 
concern through the relation and update fields of the 
registry  record  and,  independently,  through  the 
publication-type  fields  of  the  corresponding 
PubMed record. Third, the publication year recorded 
in the registry was adopted throughout,  which for 
several items in this corpus is the year of advance 
online publication rather than that of the print issue 
to  which  the  article  was  later  assigned.  Fourth, 
discrepancies between an indexing database and the 
publisher  record  were  resolved  in  favour  of  the 
publisher  record.  Fifth,  sources  failing  any  check 
were excluded rather than corrected by inference.

No source is cited on the strength of an abstract 
alone, and no bibliographic field in the reference list 
was supplied from memory or inference. Where a 
cited  study's  organism,  growth  phase  or  assay 
format bears on the claim it supports, that detail is 
stated in the text rather than left  implicit,  because 
the  argument  of  this  paper  is  precisely  that  such 
details determine what a measurement means.

3.4 BASES OF JUDGEMENT

Two judgements recur and both are interpretive 
rather than measured. The first is whether a given 
measurement should be treated as a composite label 
or as a resolved one. A label is treated as composite 
where the reported quantity is produced by two or 
more of the four determinants defined in Section 2.2 
acting  in  series  without  separate  observation  of 
each; as partially resolved where the design isolates 
one  determinant  by  holding  others  fixed,  as  in 
comparisons between isogenic wild-type and efflux-
deficient  strains;  and  as  resolved  where  the 
measurement reports a single physical process, as in 
single-channel  electrophysiology  or  a  computed 
permeation free-energy profile.

The  second  is  which  inference  a  reported 
validation licenses.  A random split  of a dataset  is 
treated as licensing ranking within the chemotypes, 
organisms  and  conditions  represented  in  that 
dataset;  a  scaffold- or chemotype-held-out split  as 
licensing  extrapolation  to  new  chemical  series 

within  the  same  organism  and  condition;  an 
organism-held-out design as licensing cross-species 
claims; and a condition-held-out design as licensing 
use  under  growth  states  or  media  absent  from 
training.  Where  a  study  does  not  state  its  split 
design,  the  paper  treats  the  licensed  inference  as 
undetermined rather than assuming the weakest or 
the strongest case.

3.5 DISCLOSURE OF ARTIFICIAL 
INTELLIGENCE USE

Generative  artificial  intelligence  tools  assisted 
with  literature  search,  with  retrieval  and  cross-
checking  of  bibliographic  records  against  the 
Crossref registry, and with language editing of the 
authors' drafted text. No text entered the manuscript 
without  the  authors'  verification  of  its  substantive 
claims against the cited sources. No such tool was 
used  to  generate  data,  to  select  citations  without 
subsequent registry verification, or to formulate the 
framework and propositions in Section 4, which are 
the  authors'  own.  The  authors  accept  full 
responsibility for the content, including the accuracy 
of all references.

3.6 VALIDITY AND LIMITATIONS OF THE 
APPROACH

Construct  validity  concerns  whether  the  four 
determinants  correspond to processes that  actually 
govern intracellular exposure; they are drawn from 
the  permeation  and  efflux  literature  rather  than 
invented. Descriptive validity concerns whether the 
composite-label  classification  fairly  represents  the 
cited studies; the criteria in Section 3.4 are stated so 
that  a  reader  can  contest  a  particular  assignment. 
Theoretical  validity  concerns  falsifiability;  each 
proposition  names  the  comparison  that  would 
contradict  it.  The  principal  limitation  is  that  the 
analysis  inherits  the  reporting  practices  of  its 
corpus: where a study does not state growth phase, 
strain background or split design, the omission can 
be identified but not repaired, which is why Section 
4.1.6 proposes reporting standards.

4. RESULTS AND DISCUSSION

4.1 RESULTS

4.1.1 What the available labels actually measure

Setting  the  measurements  used  in  this  field 
beside one another shows that they are not estimates 
of  the  same quantity  at  different  precisions.  They 
are estimates of different quantities: some collapse 
several  of  the four determinants  into one number, 
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others report a single process, and each varies with a different set of experimental choices.  Table 1 sets 
out the position.

Table 1. Measurements used in Gram-negative penetration research, classified by the criteria of Section 3.4, with the 
processes each collapses and the inference each licenses without further validation.

Measurement Classification and processes 
collapsed

Principal source of between-study 
variation

Inference licensed without further 
validation

Minimum inhibitory concentration Composite: influx, efflux, 
partitioning, target engagement and 
growth inhibition

Medium, inoculum, incubation time 
and strain background

Ranking of compounds within the 
organism and assay used

Whole-cell accumulation by mass 
spectrometry

Composite: influx, efflux and 
partitioning between periplasm and 
cytoplasm

Growth phase, wash protocol and the 
efflux background of the strain

Relative accumulation within the 
organism and growth state used

Efflux ratio across isogenic strains Partially resolved: efflux relative to 
influx, under one growth state

Which transporters are deleted, and 
the growth state at measurement

Whether a compound is a substrate 
of the deleted transporters under 
those conditions

Outer-membrane permeability 
coefficient

Resolved: transit of a single barrier Reconstitution system and lipid 
composition

Channel-level permeation for the 
channel and system studied

Single-channel electrophysiology Resolved: translocation through one 
channel

Applied potential, buffer and lipid 
composition

Mechanistic interpretation confined 
to that channel

Computed permeation free energy Resolved: transit of a defined barrier 
within a defined model

Force field, membrane model and 
sampling adequacy

A mechanistic hypothesis requiring 
experimental test

The  fourth  column  is  the  one  that  matters  for 
machine  learning.  A  minimum  inhibitory 
concentration  supports  the  ranking  of  compounds 
within the organism and assay that produced it, and 
supports  nothing  else  without  further  evidence;  it 
cannot  distinguish  a  compound  that  enters  poorly 
from one that enters well and is expelled, or from 
one that reaches its target and binds weakly. Whole-
cell accumulation removes target engagement from 
the  composite  but  retains  the  others,  and  adds  a 
dependence on the wash protocol and on the efflux 
background of the strain. Only the last three rows 
report single processes, and those are precisely the 
measurements that do not scale.

4.1.2  Non-identifiability  and  the  consequences  of 
mixture shift

The  central  analytical  point  follows  directly. 
When several processes act in series and only their 
product is observed, the individual contributions are 
not  identifiable:  many  different  decompositions 
produce the same observed value. A model fitted to 
such  observations  does  not  estimate  the 
determinants; it estimates whatever mixture of them 
generated the training data. This is not a defect of 
any particular algorithm, and it is not remedied by 
model capacity.

Two  consequences  follow.  The  first  concerns 
interpretation.  Feature-importance  analyses 
performed on models  trained on composite  labels 
cannot support mechanistic conclusions, because a 
descriptor  that  appears  important  may  be  acting 
through influx in one part of the chemical space and 
through  efflux  avoidance  in  another.  The  second 
concerns generalisation. Prediction will degrade not 
in proportion to how chemically novel a compound 

is, but in proportion to how much the mixture has 
shifted,  how  much  the  relative  contributions  of 
influx, efflux and partitioning in the setting of use 
differ from those in training. The literature supplies 
a  clean  demonstration:  accumulation  in 
Pseudomonas  aeruginosa  proceeds  largely  without 
porin  involvement,  so  the  compound features  that 
govern entry there differ from those established in 
Escherichia  coli,  and  a  separate  set  of  rules  was 
required (Geddes et al., 2023). The species are not 
distant chemically; the mixture is simply different.

4.1.3 A determinant-to-validation framework

The framework proposed here relates four layers 
that are usually discussed separately: the quantity of 
interest,  the  label  available,  the  processes  that 
separate them, and the validation design that would 
license a given use of the model.

Layer 1 states the quantity of interest, which for 
antibacterial  purposes  is  the  free  concentration  of 
compound at the intracellular target, sustained over 
the  required  period.  Layer  2  names  the  label  that 
will actually be used for training, and classifies it by 
Table 1 as composite, partially resolved or resolved. 
Layer 3 enumerates what separates the two: which 
processes  the  label  collapses,  and  which 
experimental variables were held fixed in generating 
it. Layer 4 specifies the validation design, and with 
it the inference the model may be used to support. A 
random  split  licenses  ranking  within  the  training 
chemotypes,  organism and conditions.  A scaffold-
held-out split licenses extrapolation to new chemical 
series within the same organism and condition. An 
organism-held-out design licenses cross-species use. 
A condition-held-out design licenses application to 
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growth states, media or infection sites absent from 
training.

The  framework's  operative  rule  is  that  the 
inference drawn from a model must not exceed the 
layer-4 design that was actually evaluated. This is a 
stronger  constraint  than  it  may  appear.  Most 
published  permeation  and  antibacterial-activity 
models  report  random-split  performance,  which 
under this rule licenses only in-distribution ranking, 
which is, in fact, exactly how the most successful 
applications  have  used  them,  screening  large 
libraries against  the organism and assay on which 
the model was trained (Stokes et al., 2020; Liu et al., 
2023; Scalia et al., 2025).

4.1.4 Three distinguishable modes of failure

The framework separates three failures that  are 
often  described  together  as  poor  generalisation. 
Chemotype failure occurs when a model is applied 
to a scaffold whose entry route differs from those in 
training,  and  is  detected  by  scaffold-held-out 
evaluation.  Species  failure  occurs  when  rules  are 
transported  to  an  organism  with  a  different 
dominant  uptake  route;  the  porin-independent 
accumulation  of  Pseudomonas  is  the  documented 
case  (Geddes  et  al.,  2023),  and  species-specific 
descriptors have been required even to predict efflux 
avoidance within a  single organism (Mehla et  al., 
2021).  Condition  failure  occurs  when  a  model 
trained on data from one growth state is applied to 
another;  that  efflux  contributes  substantially  to 
accumulation  in  growing  cells  and  negligibly  in 
stationary phase makes this a quantitative and not a 
hypothetical concern (Whittle et al., 2021), as does 
the  two-order-of-magnitude  difference  between 
efflux  rates  from  the  periplasm  and  from  the 
cytoplasm (Li et al., 2024).

These  failures  call  for  different  remedies. 
Chemotype  failure  is  addressed  by  broadening 
chemical coverage; species failure is addressed by 
resolved,  organism-specific  measurement,  not  by 
pooling species into a larger dataset; and condition 
failure is addressed by recording and stratifying on 
condition,  which  the  present  reporting  practice  of 
the field largely prevents.

4.1.5 Propositions

The  framework  yields  six  propositions,  each 
stated  so  that  a  specified  comparison  could 
contradict it.

Proposition  1  (non-identifiability).  Because 
influx, efflux, compartmental partitioning and target 
engagement are collapsed into every label that can 

be generated at the scale machine learning requires, 
their separate contributions are not identifiable from 
such  data.  A  model  trained  on  composite  labels 
therefore  cannot  attribute  its  predictions  to  a 
mechanism,  and  mechanistic  interpretations  of 
feature importance in such models are unlicensed. 
Contradicted  by  a  demonstration that  the  separate 
contributions  can  be  recovered  from  composite 
labels  alone,  without  additional  resolved 
measurements.

Proposition 2 (mixture shift rather than chemical 
distance).  Off-distribution  prediction  error  is 
governed by the change in the relative weights of 
the collapsed processes between the training setting 
and the setting of use, not by chemical distance as 
such.  Two  compounds  equally  distant  from  the 
training set in descriptor space will therefore differ 
in prediction reliability if one preserves the training 
mixture  and  the  other  does  not.  Contradicted  if 
prediction  error  tracks  chemical  distance  once 
mixture composition is held constant.

Proposition  3  (species  non-transfer  is  route-
determined).  Accumulation  rules  learned  in  one 
Gram-negative species fail  to transfer to a species 
whose  dominant  route  of  entry  differs,  and  the 
failure is predictable from the route rather than from 
phylogenetic  proximity.  Contradicted  if  transfer 
success correlates with phylogenetic distance after 
the dominant uptake route is controlled for.

Proposition  4  (condition  non-exchangeability). 
Labels  generated  in  actively  growing  and  in 
stationary-phase  cultures  are  not  exchangeable, 
because  the  relative  contribution  of  efflux  to 
accumulation  differs  between  them.  Datasets 
pooling  growth  states  therefore  acquire  structured 
label noise that no increase in sample size removes. 
Contradicted  if  models  trained  on  pooled  growth 
states  match,  on  condition-held-out  evaluation, 
models trained within a single growth state.

Proposition 5 (validation licenses the inference). 
The inference a permeation model licenses is fixed 
by its held-out design, not by its reported accuracy. 
Random-split  performance  is  uninformative  about 
scaffold-hopping,  cross-species  or  cross-condition 
use,  and  a  model  reporting  only  random-split 
metrics  supports  only  ranking  within  its  training 
distribution.  Contradicted  if  random-split 
performance  predicts  chemotype-held-out  and 
organism-held-out  performance  across  a  range  of 
models.
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Proposition  6  (accuracy  ceiling  as  label 
saturation). For a fixed composite label there exists 
an  accuracy  ceiling  set  by  the  variance  of  the 
unobserved  decomposition  across  the  dataset. 
Models  approaching  that  ceiling  are  evidence  of 
label  saturation  rather  than  of  mechanistic 
understanding,  and  further  gains  require  resolved 
measurements rather than larger composite datasets. 
Contradicted  if  accuracy  continues  to  improve 
materially  with  dataset  size  after  between-study 
condition variation has been accounted for.

4.1.6 Reporting standards

The  propositions  are  testable  only  against  a 
literature that records the conditions under which its 
labels were generated. Table 2 states the minimum 
that  a  study  reporting  a  permeation-  or 
accumulation-prediction  model  should  disclose; 
each  item  corresponds  to  information  whose 
absence, in assembling this paper's corpus, made it 
impossible  to  determine  what  a  reported  model 
would license.

Table 2. Reporting standards for permeation- and accumulation-prediction models in antibacterial discovery.
Reporting item What should be stated
Organism and strain The species and strain used, including whether the efflux background is wild 

type or pump-deficient
Growth state and medium Growth phase at measurement, medium composition and incubation 

conditions
Measured quantity What was measured, in what units, and which of the processes in Table 1 it 

collapses
Assay format The assay used, and whether the quantity is composite, partially resolved or 

resolved
Compound set provenance Where the compounds came from and which chemotypes are represented
Definition of inactives How negative or non-accumulating examples were defined and obtained
Split design Whether evaluation used random, scaffold-held-out, organism-held-out or 

condition-held-out splits
Performance by split Performance reported separately for each split design rather than pooled
Applicability domain The chemotypes, organisms and conditions within which predictions are 

claimed to hold
Prospective validation Number of predicted compounds tested, number confirmed, and the resulting 

hit rate
Mechanistic claims Whether any mechanistic interpretation is offered, and the resolved evidence 

supporting it

4.2 DISCUSSION

The  prevailing  treatment  of  Gram-negative 
penetration casts it as a hard but ordinary prediction 
problem: the determinants are complex, the data are 
scarce,  and better  models  and larger  datasets  will 
close  the  gap.  The  analysis  above  suggests  a 
different diagnosis. The binding constraint is not the 
model or the volume of data but the measurement. 
Every label available at scale reports a product of 
processes that cannot be recovered from it, and the 
composition  of  that  product  is  a  property  of  the 
organism, the growth state and the assay. Scaling a 
composite  dataset  improves  estimation  of  the 
composite; it does not resolve the determinants, and 
it does not establish that a model will transfer.

This  reading  is  supported,  rather  than 
contradicted,  by  the  field's  clearest  success.  The 
programme  that  produced  usable  accumulation 
guidance  did  not  proceed  by  assembling 
heterogeneous  published  data;  it  generated  a 
purpose-built  dataset  in  a  single  organism  under 
controlled conditions, derived compound-level rules 
from  it,  and  tested  those  rules  prospectively  by 
converting  Gram-positive-only  agents  into 

compounds  active  against  Gram-negative  bacteria 
(Muñoz & Hergenrother, 2021; Zhao et al., 2020), 
with a standardised protocol subsequently published 
so the measurement could be reproduced (Geddes et 
al., 2021). That is resolution by experimental design 
rather than by inference from aggregated labels, and 
its  limits  appeared  exactly  where  the  framework 
predicts: in another species with another dominant 
route of entry (Geddes et al., 2023).

The  two methodological  traditions  in  this  field 
have  complementary  deficits.  Physics-based 
approaches resolve the determinants, a free-energy 
profile for translocation through a named channel is 
a  statement  about  one  process  (Deylami  et  al., 
2024),  and faster  approximations extend the  same 
logic (Acharya et al., 2023), but they do not scale to 
the  libraries  that  discovery  programmes  screen. 
Machine learning scales but does not resolve. The 
productive  relationship  between  them is  therefore 
not  competition  but  division  of  labour:  resolved 
measurement  and  simulation  are  the  appropriate 
instruments for establishing where a scaled model's 
predictions  apply,  and  for  detecting  when  the 
mixture has shifted. On this view the most valuable 
contribution  of  mechanistic  work  to  machine 
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learning  is  not  better  features  but  a  defensible 
applicability domain.

It  should  be  said  plainly  that  the  successes  of 
machine  learning  in  antibacterial  discovery  are 
genuine  and  that  nothing  here  diminishes  them. 
Whole-cell  growth inhibition is a composite label, 
but  where  the  object  is  to  find  a  compound  that 
inhibits  growth  of  a  particular  organism,  the 
composite is the quantity of interest,  and a model 
trained  on  it  is  being  asked  the  question  it  can 
answer.  The  difficulty  arises  only  when  such  a 
model  is  asked  a  different  question,  about  a 
mechanism, a new species, or a growth state it has 
not seen, and the answer is read with the confidence 
earned on the first.

4.2.1  Implications  for  antibacterial  development 
intended for African health systems

The composition of training data is not a neutral 
technical  matter  when  models  are  used  to  guide 
development  for  particular  settings.  Resistance  in 
sub-Saharan Africa is driven substantially by Gram-
negative organisms, and the burden is projected to 
rise  sharply  without  intervention  (Totaro  et  al., 
2025); carbapenem resistance among Gram-negative 
pathogens  has  risen  faster  than  resistance  to  any 
other  class  globally  (Naghavi  et  al.,  2024).  The 
strains  in  which permeation and accumulation are 
characterised, however, are predominantly reference 
laboratory  strains,  and  strain  background  is 
precisely what determines the efflux contribution to 
a  given  phenotype,  quantitative  study  of  clinical 
isolates shows the contribution of expulsion varying 
between  strains  carrying  comparable  target 
mutations (Ferrand et al., 2023).

Two consequences  follow for  the region.  First, 
the diagnostic gap that limits routine identification 
and susceptibility testing (Hermans et al., 2024) also 
limits the generation of local susceptibility data, so 
circulating isolates are under-represented in exactly 
the datasets from which models are built; a model's 
applicability  domain,  stated  honestly,  may  not 
include  the  organisms  that  matter  most  locally. 
Second, because the framework holds that organism 
and strain background determine the  mixture,  this 
under-representation  is  not  corrected  by  enlarging 
datasets drawn from the same reference strains. It is 
corrected only by measurement in locally circulating 
isolates. The practical recommendation is therefore 
a representativeness constraint: a model intended to 
guide development for a given setting should state 
the  strain  provenance  of  its  training  data,  and 
prospective validation in locally circulating isolates 

should  be  treated  as  a  precondition  of  use  rather 
than as confirmatory work.

4.2.2 Limitations and directions for further work

The framework is conceptual and its propositions 
are  untested;  it  earns  its  place  only  if  the 
comparisons named in Section 4.1.5 are attempted. 
The most  exposed is  Proposition 2,  which asserts 
that  mixture  shift  rather  than  chemical  distance 
governs  transfer;  testing  it  requires  a  dataset  in 
which  both  quantities  vary  independently,  which 
does not presently exist and would have to be built. 
The  analysis  is  also  bounded  by  the  reporting 
practices of its corpus: where studies do not record 
growth phase, strain background or split design, the 
omission can be identified but not repaired, which is 
why  Table  2  exists.  Finally,  the  paper  addresses 
penetration  and  says  nothing  about  target 
engagement kinetics or resistance emergence, each 
of which imposes its own constraints on whether an 
accumulating compound becomes a useful drug.

5. CONCLUSION AND RECOMMENDATION

Machine learning can be expected to learn what 
its  labels  contain.  In  Gram-negative  antibacterial 
discovery  those  labels  are  composites  in  which 
influx, efflux, compartmental partitioning and target 
engagement are summed into a single number, and 
the  relative  weight  of  each  term  varies  with  the 
organism, the growth state and the assay. A model 
fitted  to  such  data  estimates  a  mixture,  not  a 
mechanism,  and  its  predictions  are  licensed  only 
where that mixture is preserved. This is a limit of 
measurement  rather  than of  method,  and it  is  not 
relieved by larger datasets of the same kind.

The  framework  proposed  here  makes  the  limit 
explicit  by  relating  the  quantity  of  interest  to  the 
available label, the processes that separate them, and 
the  validation  design  that  licenses  a  given use.  It 
distinguishes  chemotype,  species  and  condition 
failure  as  separate  modes  with  separate  remedies, 
states  six  falsifiable  propositions,  and  sets  out 
reporting  standards  that  would  allow  a  reader  to 
determine what a published model supports.

Four  recommendations  follow.  Investigators 
building permeation or accumulation models should 
state the processes their labels collapse and should 
report performance separately for random, scaffold-
held-out,  organism-held-out and condition-held-out 
splits,  since these license different inferences. The 
field should treat condition-annotated and organism-
resolved  measurement  as  a  higher  priority  than 
further  accumulation  of  heterogeneous  composite 
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data.  Journals  and  reviewers  should  expect  the 
disclosures in Table 2, and in particular should not 
accept mechanistic interpretations of models trained 
on  composite  labels  without  resolved  supporting 
evidence. And for development intended for African 
health  systems,  model  applicability  should  be 
established in locally circulating isolates rather than 
assumed from reference strains.

6. CONTRIBUTION TO EXISTING 
KNOWLEDGE

This  paper  makes  four  contributions.  First,  it 
introduces  the  composite  label  as  an  analytical 
category  for  this  field  and  classifies  the 
measurements in routine use by what each collapses 
and what each licenses. Second, it advances a non-
identifiability argument  showing why the limit  on 
machine learning here is one of measurement rather 
than of algorithm or sample size, and derives from it 
the claim that transfer is governed by mixture shift 
rather than by chemical distance. Third, it offers a 
four-layer framework linking the quantity of interest 
to  label,  confound  and  validation  design,  with  an 
operative  rule  constraining  the  inference  a  model 
may  support,  and  distinguishes  three  modes  of 
generalisation failure with distinct remedies. Fourth, 
it  supplies  reporting  standards  for  permeation-
prediction models and extends the analysis with a 
representativeness constraint for settings, including 
much  of  sub-Saharan  Africa,  whose  circulating 
pathogens  are  under-represented  in  the  data  from 
which such models are built.
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