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ABSTRACT

Nanomaterial  datasets are assembled from the published literature rather than generated in a 
single laboratory, and the studies pooled in this way do not agree on what dose means. Exposure 
is reported as mass concentration, as particle number, as total or specific surface area, or as 
particles delivered per cell, and conversion between these metrics requires size, density, porosity 
and aggregation data that source reports frequently omit. This theoretical and analytical paper 
treats  the  resulting  heterogeneity  not  as  a  reporting  inconvenience  to  be  settled  by  better 
conventions, but as a measurement-model problem that places a quantifiable ceiling on what any 
machine-learning model trained on such data can achieve. The study is non-empirical. It derives 
closed-form relations among the dose metrics for spherical particles of uniform density, showing 
that mass, surface area and particle number scale with the zeroth, inverse first and inverse third  
powers of radius, so that conversion factors are functions of particle size rather than constants. 
From  these  relations  the  paper  obtains  a  closed-form  condition  under  which  two  materials 
compared at equal mass dose are ranked oppositely by particle number and by surface area, and 
verifies that condition exhaustively against brute-force computation over two hundred thousand 
randomly drawn pairs. It then derives the irreducible error floor that dose-metric heterogeneity 
imposes on a pooled training set, MSE_floor = β²p²σ²(ln r) + σ²_ε, which grows with the square 
of the metric mismatch, with the dispersion of log particle radius across the corpus, and with the 
steepness of the dose response. The floor is shown to be independent of model class and of  
hyperparameter optimisation, and not to recede as further data drawn from the same literature are 
added. The paper converts the derivation into practice through a six-step procedure for bounding 
the achievable performance of an existing pooled dataset from its own curation records, together 
with declaration, partitioning and applicability-domain requirements for training-set construction 
expressed in the context-of-use idiom of current regulatory guidance.
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1. INTRODUCTION

Nanomaterial  datasets  are  assembled  rather  than 
generated.  Because  no  single  laboratory  produces 
enough  dose–response  data  to  train  a  model  of 
useful  breadth,  the  standard  practice  is  to  pool 
results reported across many published studies, and 
the  curated  resources  that  now  underpin 
nanoinformatics are  built  on exactly that  principle 
(Afantitis et al., 2020; Chen et al., 2022; Canchola 
et al., 2025). Pooling solves a sample-size problem. 
It  also  quietly  creates  a  measurement  problem, 
because the studies being pooled did not agree on 
what dose means.

A nanomaterial exposure can be reported as a mass 
concentration,  as  a  number  of  particles  per  unit 
volume,  as  a  total  or  specific  surface  area,  or  as 
particles delivered per cell, and all four are in active 
use. The choice is not arbitrary: there are principled 
arguments for surface area where the mechanism is 
interfacial (Mottier et al., 2016; Simkó et al., 2014), 
for  particle  number  where  the  mechanism is  per-
object,  and  for  delivered  rather  than  administered 
dose wherever sedimentation and diffusion make the 
two  differ  substantially  (Hinderliter  et  al.,  2010; 
Cohen et al., 2015). The difficulty is that converting 
between the metrics requires knowledge of particle 
size distribution, density, porosity and aggregation 
state,  and  source  reports  frequently  omit  the 
quantities the conversion needs.

The  consequence  is  usually  described  as  a 
standardisation problem, to be addressed by better 
reporting  conventions.  That  description  is  correct 
but  incomplete,  and  the  incompleteness  matters. 
When a model is trained on a pooled dose variable 
whose metric differs between contributing studies, 
the  target  variable  is  not  a  single  well-defined 
function  of  exposure.  Two  rows  of  the  training 
matrix can carry identical nominal dose values and 
describe  physically  different  exposures,  and  the 
model  has  no  means  of  telling  them apart.  What 
follows is not merely noisy estimation. It is a floor 
on achievable predictive error that no model class, 
no  hyperparameter  search  and  no  additional  data 
drawn from the same literature can cross.

This  paper  derives  that  floor.  The  argument 
proceeds in three movements.  First  it  sets  out  the 

closed-form relations among the dose metrics  and 
shows that, because they scale with different powers 
of particle radius, the mapping between any two of 
them  is  a  function  of  particle  size  rather  than  a 
constant. Second it shows that metric heterogeneity 
within  a  pooled  training  set  therefore  injects 
variance  into  the  target  whose  magnitude  is 
determined by the dispersion of particle sizes across 
the  constituent  studies  and  by  the  exponent 
mismatch  between  the  reported  and  the  operative 
metric,  and  that  this  variance  is  irreducible  from 
within the pooled set. Third it shows that the same 
mechanism can invert the apparent ranking of two 
materials,  so  that  pooling  can  mislead  about 
ordering and not only about magnitude. The paper 
closes  with  declaration  and  harmonisation 
requirements,  and with  a  procedure  by  which  the 
error floor of an existing dataset can be bounded.

Two questions are addressed. How large is the error 
floor imposed by dose-metric heterogeneity, and on 
what does it depend? And what can be done about 
it,  given  that  the  source  literature  cannot  be  re-
reported?  The  treatment  is  analytical  and  non-
empirical. Numerical values appear only to illustrate 
derived relationships and are stated as assumptions 
rather than presented as measurements.

2. LITERATURE REVIEW

2.1 CONCEPTUAL REVIEW

Dose in  nanotoxicology and nanopharmaceutics  is 
not one concept but several, and the distinctions are 
well  drawn  in  the  dosimetry  literature.  The 
administered dose is what the experimenter adds to 
the  well.  The  delivered  dose  is  the  fraction  that 
reaches  the  cell  layer,  governed  by  sedimentation 
and diffusion and therefore by particle size, density 
and medium viscosity. The cellular or effective dose 
is what the cells actually take up. Ahmad Khanbeigi 
et al. (2012) evaluated administered, delivered and 
cellular  dose  in  the  same  system  and  found  the 
interpretation of particle–cell interaction to depend 
on which was used. Cohen et  al.  (2015) reviewed 
the  field  and  concluded  that  reliance  on 
administered metrics rather than effective dose is a 
major  obstacle  to  accurate  in  vitro  models;  the 
integrated  methodology  they  had  set  out  earlier 
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makes  the  point  constructively,  coupling 
standardised  suspension  preparation  to  the 
determination of delivered-to-cell metrics (Cohen et 
al., 2014).

Cutting across that distinction is a second one: the 
metric  in  which  any  of  these  doses  is  expressed. 
Mass concentration dominates because it is what a 
balance measures. Particle number and surface area 
are argued to be more mechanistically appropriate, 
surface  area  especially  where  the  interaction  is 
interfacial;  Simkó  et  al.  (2014)  proposed  total 
deposited surface area as the primary metric and set 
out  weighting  factors  for  additional 
physicochemical  properties,  and  Mottier  et  al. 
(2016)  argued  the  surface-area  case  directly  for 
carbon  nanoparticles.  Reviews  of  inhaled  aerosol 
dosimetry continue to press for number and surface 
area in preference to mass (Ediagbonya et al., 2026). 
Computational  particokinetics  has  advanced 
considerably,  from  the  original  sedimentation–
diffusion  treatment  of  Hinderliter  et  al.  (2010) 
through models  incorporating dissolution (Thomas 
et al., 2018; Smith et al., 2018) and semi-analytical 
solutions  characterising  the  governing 
dimensionless groups (Mahnama et al., 2014), with 
experimental  assessment  at  single-cell  resolution 
(Kowoll et  al.,  2018).  None of this work disputes 
that  the  metric  matters;  the  point  of  contention is 
which metric, and for which mechanism.

2.2 THEORETICAL REVIEW

The statistical situation has a recognisable shape but 
does not fit the standard templates exactly, and the 
mismatch is worth being precise about.

Classical measurement-error theory treats noise in a 
predictor,  with  the  familiar  consequence  that 
regression  slopes  attenuate  toward  zero.  Here  the 
corruption  enters  differently.  The  nominal  dose 
recorded  in  the  pooled  dataset  is,  in  general, 
accurately reported; what varies is its relationship to 
the quantity that  drives the response.  The error  is 
therefore in the correspondence between a correctly 
recorded  predictor  and  the  operative  exposure, 
which propagates into the target as a study-specific 
offset. Formally this behaves as label noise, and the 
relevant result is that irreducible target noise sets a 
lower bound on expected loss which is independent 
of the hypothesis class. That bound is what the dose-
metric problem produces.

The second template is dataset shift, familiar from 
clinical  machine  learning,  where  models  degrade 
because deployment conditions differ from training 

conditions  (Finlayson  et  al.,  2021).  Metric 
heterogeneity differs in being internal to the training 
set  rather  than  a  difference  between  training  and 
deployment. The pooled set is not drawn from one 
distribution  that  later  moves;  it  is  a  mixture  of 
distributions  from  the  outset,  and  the  mixture 
components are indexed by a variable (the reporting 
metric  and  the  particle  size  on  which  conversion 
depends) that the model does not see.

The  third  relevant  body  of  theory  concerns  the 
applicability  domain,  long  established  in 
quantitative  structure–activity  modelling  and 
increasingly operationalised in nanoinformatics (Li 
et al., 2022; Li et al., 2026). An applicability domain 
states where a model's predictions may be trusted, 
conventionally  in  terms  of  the  descriptor  space 
spanned  by  the  training  data.  The  analysis  below 
implies  that  for  pooled  nanomaterial  data  the 
domain must also be stated over the dose-metric and 
particle-size space, because it is dispersion in those 
that sets the floor.

2.3 EMPIRICAL REVIEW

Three  strands  of  published  evidence  support  the 
premises of the derivation.

That the metrics genuinely disagree, and not only in 
magnitude, is  directly documented. Ortenzio et  al. 
(2019) compared indices of silver nanoparticle dose 
and  found  that  the  cell  layer  contained  a  greater 
mass of silver after exposure to 75 nm particles than 
to  20  nm  particles,  while  expressing  the  same 
exposure as particle number or as total surface area 
reversed  the  ordering.  This  is  an  experimental 
instance of the metric-dependent ranking inversion 
derived  in  Section  4.1,  and  it  establishes  that  the 
phenomenon is  not  a  formal  curiosity.  Tian et  al. 
(2017)  likewise  reported  that  airway  dosimetry 
expressed in number, mass and surface area varied 
significantly  across  the  same  exposure,  and 
concluded that a recommendation framed in a single 
metric is insufficient. The divergence can be large 
even between two sizes of one material: modelling 
silver  nanoparticle  deposition  at  a  fixed  airborne 
mass  concentration,  Smith  and  Skinner  (2021) 
found  that  20  nm  particles  deposited  nearly 
elevenfold  more  total  surface  area  than  110  nm 
particles,  alongside  a  2.2-fold  difference  in 
deposited  mass.  The  decomposition  is  instructive. 
Equation (2) accounts for a factor of 5.5 from the 
radii  alone,  through  specific  surface  area;  the 
residual  factor  of  roughly  2.2  comes  from  the 
differing  deposition  efficiency  of  the  two  sizes. 
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Metric conversion and delivered-dose correction are 
thus  distinct  effects  that  compound,  and a  pooled 
dataset which neglects both carries their product.

That the heterogeneity is widespread in the literature 
available  for  pooling  is  equally  documented. 
Secondo et  al.  (2017)  screened over  ten  thousand 
studies,  retained  one  hundred  and  ten  meeting 
eligibility  criteria,  and  reported  that  little 
consistency  exists  in  the  methodology  and  dose 
metrics  used,  explicitly  noting  that  this  prevents 
interlaboratory comparison and the identification of 
dose thresholds. Riediker et al. (2019) place dose-
metric  choice  among the  core  concepts  governing 
particle  health  effects.  Reviews  of  nanomaterial 
machine  learning  identify  data  heterogeneity  and 
small,  high-variance  datasets  as  the  field's 
characteristic obstacle (Barnard et al., 2019).

That pooling is nevertheless the operative practice, 
and  that  its  products  are  used,  is  visible  in  the 
datasets  themselves.  Canchola  et  al.  (2025) 
compiled data from 83 studies spanning two and a 
half decades and reported pronounced heterogeneity 
in materials, surface modifications, sizes from 1 to 
1400 nm and zeta potentials from −70 to +70 mV. A 
size  range  spanning  three  orders  of  magnitude  is 
precisely  the  condition  under  which,  as  shown 
below, metric mismatch is most costly. Consensus 
and  round-robin  approaches  to  model  evaluation 
have  emerged  as  a  means  of  assessing  reliability 
across  modelling  groups  (Varsou  et  al.,  2024; 
Zouraris  et  al.,  2025),  but  they  assess  agreement 
between models trained on common data rather than 
the adequacy of the data's dose representation.

What  the literature  has not  done is  quantify what 
metric  heterogeneity  costs.  The  standardisation 
argument is made qualitatively; the bound it implies 
has not been derived. That is the gap addressed here.

3. MATERIALS AND METHODS

3.1 RESEARCH DESIGN AND ANALYTICAL 
STRATEGY

The  study  is  non-empirical,  analytical  and 
derivational.  Relations  among  dose  metrics  are 
obtained in closed form from the geometry and mass 
of spherical particles. The statistical consequence is 
then derived from an explicitly stated dose–response 
model,  and  the  resulting  expressions  are  verified 
numerically  by  simulation  from  the  same  stated 
assumptions. No laboratory work was performed, no 
new  dataset  was  assembled,  and  no  published 
dataset was re-analysed. The numerical verification 

is a check on the algebra, not a source of empirical 
findings,  and  every  parameter  entering  it  is  an 
assumption declared in the text.

3.2 STATED ASSUMPTIONS

The derivation rests on assumptions that are stated 
so that each can be examined and, where a reader 
judges it inapplicable, relaxed. Particles are treated 
as spheres of uniform density, so that mass, surface 
area  and  number  are  related  by  geometry;  for 
porous, fractal or strongly anisotropic materials the 
exponents  differ  and  the  argument's  structure, 
though not its arithmetic, is unaffected. The dose–
response relationship is taken to be approximately 
linear in the logarithm of the operative dose over the 
range spanned by the pooled data, which is a local 
rather than a global claim. The reporting metric of a 
study is taken to be independent of the dose level it 
reports, an assumption discussed in Section 4.2 and 
relaxed there. And the operative metric, the one the 
mechanism  responds  to,  is  taken  to  be  fixed  but 
unknown,  which  is  the  situation  of  an  analyst 
pooling data without a mechanistic commitment.

3.3 SOURCE IDENTIFICATION AND 
VERIFICATION

Sources  were  identified  by  structured  searches  of 
the  PubMed  and  MEDLINE  corpus  covering 
nanoparticle  dose  metrics  and  dosimetry,  in  vitro 
particokinetics,  delivered  and  effective  dose, 
surface-area  dose  metrics,  and  data  pooling  and 
curation  for  nanomaterial  modelling.  Candidates 
were  screened  for  relevance  to  a  specific  claim. 
Every retained journal source was verified against 
its  indexed  publisher  record  for  authorship,  title, 
journal, year, volume, issue, pagination and digital 
object  identifier,  and  screened  for  retraction, 
expression of  concern,  correction and erratum; no 
retained  source  carried  such  a  notice.  Where 
electronic release preceded the assigned issue,  the 
year of the issue of record is used. Verification was 
performed  against  the  PubMed  publisher  record 
rather  than  by  direct  query  to  the  Crossref 
application  programming  interface,  which  was 
unavailable in the working environment; the fields 
verified  are  the  same.  Regulatory  and  standards 
instruments are cited in their current official version 
as issued. Preprints and conference papers are not 
cited.

3.4 ARTIFICIAL INTELLIGENCE USAGE 
DISCLOSURE
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A  large  language  model  was  used  to  assist  with 
bibliographic  searching,  reference  formatting, 
numerical  checking  of  the  derivations,  and  the 
drafting and editing of prose.  The derivations, the 
assumptions, the interpretation of every source and 
the final text are the authors' own. All bibliographic 
details  were  verified  against  the  publisher  record. 
No  generative  tool  was  used  to  produce  data  or 
empirical results.

3.5 VALIDITY AND SCOPE

Being  derivational,  the  work  is  assessed  on  the 
correctness  of  its  algebra,  the  transparency  of  its 
assumptions  and  the  checkability  of  its 
consequences rather than on measurement validity. 
The  algebraic  results  were  confirmed  by 
independent  numerical  simulation,  including  an 
exhaustive check of the ranking-inversion condition 
against  brute-force  evaluation  over  two  hundred 
thousand  randomly  drawn  material  pairs,  which 
produced  no  disagreement.  The  scope  is  pooled 
dose–response  modelling.  The  argument  does  not 
apply to datasets generated under a single declared 
metric, which is precisely its point.

4. RESULTS AND DISCUSSION

4.1 RESULTS

Relations among the metrics. For spheres of radius 
r  and  density  ρ  at  mass  concentration  C_m,  the 
particle-number concentration and the total surface-
area concentration follow from geometry:

C_n = 3C_m / (4πρr³)      (1)

C_s = 3C_m / (ρr)      (2)

so  that  the  specific  surface  area  per  unit  mass  is 
3/(ρr).  The  three  metrics  therefore  scale  with 
different powers of radius at fixed mass dose: mass 
as r , surface area as r ¹ and number as r ³. Table 1⁰ ⁻ ⁻  
collects  the  exponent  p  by  which  any  reported 
metric  must  be  multiplied,  as  r^p,  to  recover  any 
operative  metric.  The  entries  are  not  conversion 
constants;  they  are  functions  of  particle  size,  and 
that is the root of everything that follows.

Table 1. Exponent p in the relation (operative dose)  ∝
(reported dose) × r^p for spherical particles of uniform 
density.

Reported metric Operative: mass Operative: surface area

Mass concentration 0 −1

Surface-area concentration +1 0

Number concentration +3 +2

Metric-dependent ranking inversion. Because the 
exponents differ,  two materials compared at  equal 
mass  dose  can  be  ordered differently  by different 
metrics. Let material A have radius r_A and density 
ρ_A, material B have r_B and ρ_B, and write s = 
r_B/r_A and k = ρ_B/ρ_A. From equations (1) and 
(2), A carries the greater particle number when k s³ 
> 1 and the greater surface area when k s > 1. These 
conditions  disagree  precisely  when  k  lies  strictly 
between 1/s and 1/s³:

1/s < k < 1/s³ for s < 1, and 1/s³ < k < 1/s for s > 1 
(3)

The band is non-empty for every s ≠ 1, so for any 
pair of distinct sizes there exists a range of density 
ratios producing inversion. A worked instance: with 
r_A = 10 nm, ρ_A = 1000 kg m ³, r_B = 2 nm and⁻  
ρ_B = 20 000 kg m ³, s = 0.2 and k = 20 fall inside⁻  
the predicted band (5, 125); at equal mass dose A 
delivers the greater particle number while B delivers 
the greater surface area. Brute-force evaluation over 
two hundred thousand randomly drawn pairs agreed 
with condition (3) in every case. The experimental 
reversal reported by Ortenzio et al. (2019) for 20 nm 
and 75 nm silver particles is an instance of the same 
effect. The implication for pooled modelling is that 
a  model  trained  on  one  metric  can  rank  two 
materials in an order that a model trained on another 
metric  reverses,  from  the  same  underlying 
exposures.

Metric heterogeneity as injected target variance. 
Consider a pooled dataset of studies indexed by i. 
Let x denote the logarithm of the dose as reported 
and  u  the  logarithm  of  the  operative  dose.  From 
Table 1, u = x + p ln r_i + c for a constant c, where 
p  is  the  exponent  mismatch  between  the  metric 
study  i  reported  and  the  metric  the  mechanism 
responds to. Take the response to be locally linear in 
operative log-dose:

y = α + βu + ε, ε ~ (0, σ²_ε)      (4)

Substituting gives

y = α + βc + βx + βp ln r_i + ε      (5)

A model that sees x but not r_i therefore faces an 
additional term βp ln r_i. If ln r is independent of x 
across  the  pooled  set  with  variance  σ²(ln  r),  the 
variance of y decomposes as

Var(y) = β²σ²_x + β²p²σ²(ln r) + σ²_ε      (6)

where σ²_x is the variance of the reported log-dose 
across the pooled set,  σ²(ln r)  the variance of  log 
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particle radius across the contributing studies,  and 
σ²_ε the intrinsic noise variance of the response.

The  error  floor. Of  the  three  components  in 
equation (6), a model of x alone can explain only 
the first. The expected squared error of the best such 
model is therefore bounded below by

MSE_floor = β²p²σ²(ln r) + σ²_ε      (7)

and  the  attainable  coefficient  of  determination  is 
bounded above by

R²_max = β²σ²_x / (β²σ²_x + β²p²σ²(ln r) + σ²_ε) 
(8)

Three  features  of  equation  (7)  deserve  emphasis. 
The  floor  grows  with  the  square  of  the  exponent 
mismatch, so pooling mass-reported data against a 
number-driven  mechanism  (p  =  −3)  incurs  nine 
times  the  penalty  of  the  same  pooling  against  a 
surface-driven mechanism (p = −1). It grows with 
the  dispersion  of  log  radius  across  the  pooled 
studies, which is a property of the corpus rather than 
of any experiment in it. And it is multiplied by the 
squared dose–response slope, so steep responses are 
punished harder  than shallow ones.  Table 2 gives 
illustrative  magnitudes  under  the  stated 
assumptions;  the  values  are  consequences  of 
equation (7) for the parameters shown and are not 
measurements.

Table 2. Error floor and attainable R² implied by equation 
(7) under stated assumptions (β = 1.30, σ²_ε = 0.01, σ²_x = 
1).

Metric mismatch p SD of ln r

Mass reported, surface 
operative

−1 0.25

Mass reported, surface 
operative

−1 0.60

Number reported, 
surface operative

+2 0.25

Number reported, 
surface operative

+2 0.60

Mass reported, number 
operative

−3 0.25

Mass reported, number 
operative

−3 0.60

The  final  row  is  worth  reading  carefully.  A  size 
dispersion  of  0.60  in  natural  logarithm,  modest 
beside the three orders of magnitude spanned by the 
pooled corpus of  Canchola et  al.  (2025),  leaves a 
ceiling near 0.24 on explained variance when metric 
and mechanism are mismatched at p = −3. A model 
reporting such a figure would ordinarily be judged 
weak  and  attributed  to  insufficient  data  or  an 

inadequate learner. Equation (7) says it may instead 
be at its ceiling.

Irreducibility. The floor is irreducible from within 
the  pooled  set,  and the  reason is  structural  rather 
than  practical.  Additional  observations  reduce  the 
variance of the estimated coefficients; they do not 
supply  the  variable  βp  ln  r_i  that  is  missing. 
Simulation from the stated assumptions  bears  this 
out:  with  p  =  −3 and σ_{ln  r}  =  0.60,  the  mean 
squared error of the best model of x alone moves 
from 4.42 at 250 observations to 5.43 at 4000 and 
5.45  at  64  000,  approaching  the  value  5.486 
predicted by equation (7) and remaining there. By 
contrast,  admitting  ln  r  as  a  predictor  returns  the 
error to 0.0098 against an intrinsic noise variance of 
0.01. The remedy is declaration, not accumulation.

Bounding  the  floor  of  an  existing  dataset. 
Equation  (7)  is  usable  in  practice  because  its 
ingredients  are  estimable  from  a  curated  dataset 
without re-running any experiment. Table 3 sets out 
the procedure, which yields a bound rather than a 
point  estimate  because  the  operative  metric  is 
generally  unknown;  taking  the  maximum  over 
plausible p gives a conservative ceiling on what the 
dataset can support.

Table 3. Procedure for bounding the irreducible error 
floor of a pooled dataset.

Step Quantity

1 Reported metric for each contributing 
study

2 σ²(ln r), dispersion of log particle radius

3 Candidate exponent mismatches p

4 β, local dose–response slope

5 Floor and attainable R²

6 Comparison

Where  step  6  shows  a  model  performing  at  its 
ceiling, further algorithmic effort is misdirected and 
the dataset requires partition or re-curation. Where a 
model performs well below the ceiling, the shortfall 
is  attributable  to  the  model  and  improvement 
remains available.

4.2 DISCUSSION

The  derivation  explains  a  pattern  the  field  has 
noticed  without  explaining.  Reviews  of 
nanomaterial machine learning routinely report that 
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performance is modest and that data heterogeneity is 
to blame (Barnard et al., 2019; Chen et al., 2022). 
Equation  (7)  converts  that  diagnosis  from  an 
attribution into a quantity, and in doing so changes 
what  should be  done about  it.  If  the  limitation is 
data  volume,  the  response  is  to  pool  more 
aggressively.  If  it  is  metric  incommensurability, 
aggressive  pooling  makes  matters  worse,  because 
σ²(ln  r)  grows  as  the  corpus  widens.  The  two 
prescriptions  are  opposed,  and  the  distinction 
between them is testable by the procedure in Table 
3.

The  ranking  result  bears  on  a  specific  and 
consequential  practice.  Models  trained  on  pooled 
data are increasingly used to prioritise materials for 
synthesis or for safety follow-up, and prioritisation 
is an ordering operation. Condition (3) shows that 
ordering  is  metric-contingent  in  an  identifiable 
region  of  material  space,  and  the  experimental 
reversal of Ortenzio et al. (2019) shows the region is 
occupied. A hazard ranking or a design shortlist is 
therefore not metric-neutral even when the model's 
accuracy is high, and the metric in which a ranking 
was  produced  belongs  in  the  statement  of  the 
ranking.

Two of the stated assumptions deserve scrutiny. The 
assumption that reporting metric is independent of 
dose  level  is  a  simplification;  in  practice 
laboratories  working  at  high  mass  concentrations 
may favour mass reporting, which would correlate 
the injected term with x and bias the fitted slope in 
addition  to  inflating  the  floor.  The  derivation  is 
conservative in that case, since correlation adds bias 
to the variance penalty rather than removing it. The 
assumption  of  local  log-linearity  matters  more. 
Where the true response is strongly non-monotone 
over  the  pooled  range,  the  decomposition  in 
equation (6) holds only approximately and β must 
be read as a local slope. This is a limitation on the 
numerical  magnitudes  in  Table  2,  not  on  the 
existence of a floor, which follows from the injected 
term being invisible to the model.

The sphericity assumption limits the exponents, not 
the argument. Porous, fractal and high-aspect-ratio 
materials relate mass, surface and number through 
different  powers,  and  for  aggregates  the  relevant 
radius is  itself  ill-defined,  a  problem compounded 
because aggregation state depends on the medium 
and is frequently unreported. The effect of relaxing 
sphericity  is  to  widen  the  set  of  plausible  p  and 
therefore to raise the conservative ceiling from step 
5 of Table 3.

The regulatory reading is direct. Model credibility, 
as both major agencies now frame it, is established 
not in the abstract but against a declared context of 
use, and the assurance demanded scales with how 
much  the  model  influences  a  decision  and  how 
costly a wrong one would be (European Medicines 
Agency [EMA], 2024; United States Food and Drug 
Administration  [FDA],  2025).  A  pooled  dataset 
whose dose metrics are undeclared cannot support a 
context-of-use  statement,  because  the  exposure 
quantity its predictions are conditioned on has not 
been specified. The procedure in Table 3 produces 
exactly  the  kind  of  bound  that  a  credibility 
assessment can use: a stated ceiling on achievable 
performance,  derived  from  declared  properties  of 
the  training  corpus.  Work  on  quality  by  digital 
design in nanomedicine development is moving in a 
compatible direction (Ijjeh et al., 2025).

Future  work  follows  from  the  propositions.  The 
most  direct  test  is  a  curation study:  take a  public 
pooled  dataset,  partition  it  by  reported  metric,  fit 
within partitions and across the pool, and compare 
the  observed  performance  gap  against  the  bound 
from  equation  (7).  A  second  is  a  learning-curve 
study,  where  the  prediction  is  that  metric-
homogeneous  subsets  continue  to  improve  with 
sample size while the pooled set plateaus early. A 
third  concerns  conversion:  where  source  studies 
report  enough to  permit  conversion  to  a  common 
metric, the gain from doing so should be measurable 
and should scale with p²σ²(ln r) as derived.

5. CONCLUSION AND RECOMMENDATION

Mass  concentration,  particle  number  and  surface 
area are related by powers of particle radius, not by 
constants. A training set that pools studies reporting 
in  different  metrics  therefore  carries  a  target 
variable  that  is  not  a  single function of  exposure, 
and  the  mismatch  injects  variance  into  the  labels 
that is invisible to the model. The resulting floor on 
mean squared error is β²p²σ²(ln r) + σ²_ε: it grows 
with  the  square  of  the  metric  mismatch,  with  the 
dispersion of log radius across the corpus, and with 
the steepness of the dose response. It is independent 
of model class and of hyperparameter optimisation, 
and it does not recede as more data from the same 
literature  is  added.  The  same  mechanism  makes 
material  rankings  metric-contingent,  and  the 
condition  under  which  two  materials  are  ordered 
oppositely by number and by surface area is given 
in closed form.
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The  recommendations  are  mostly  matters  of 
declaration,  and  none  requires  new  measurement. 
Investigators  assembling  pooled  datasets  should 
record  the  reported  dose  metric  as  a  field  of  the 
dataset and flag rather than impute studies that fail 
to declare one. They should report the dispersion of 
particle size across the corpus, since it is this, and 
not  the  corpus's  size,  that  sets  the  floor.  Where 
conversion  to  a  common  metric  is  possible  from 
reported quantities, it should be performed and the 
conversion  assumptions  recorded;  where  it  is  not, 
the  dataset  should  be  partitioned  by  metric  and 
models  fitted  within  partitions.  Applicability 
domains  should  be  stated  over  dose-metric  and 
particle-size  space  as  well  as  descriptor  space. 
Modelling  papers  should  report  the  bound  from 
equation (7) alongside their performance figures, so 
that a reader can see whether a model is weak or 
merely  at  its  ceiling.  And  those  assembling  or 
relying on hazard rankings should state the metric in 
which the ranking was computed, because condition 
(3)  shows  that  the  ordering  is  not  metric-
independent.

6. CONTRIBUTION TO EXISTING 
KNOWLEDGE

The paper contributes closed-form relations among 
nanomaterial  dose  metrics  together  with  the 
exponent table that governs conversion between any 
pair,  and  a  closed-form  condition,  verified 
exhaustively against brute-force computation, under 
which two materials compared at equal mass dose 
are  ranked  oppositely  by  particle  number  and  by 
surface  area.  It  derives  the  irreducible  error  floor 
that  dose-metric  heterogeneity  imposes  on  pooled 
training  data,  MSE_floor  =  β²p²σ²(ln  r)  +  σ²_ε, 
establishes  that  the  floor  is  independent  of  model 
class and insensitive to sample size drawn from the 
same  literature,  and  confirms  both  results  by 
simulation  from  the  stated  assumptions.  And  it 
converts the derivation into practice by supplying a 
six-step  procedure  for  bounding  the  achievable 
performance of an existing pooled dataset from its 
own curation records, together with declaration and 
harmonisation  requirements  for  training-set 
construction that are expressed in the context-of-use 
idiom of current regulatory guidance.
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