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ABSTRACT 
Development is often limited not by potency but by biopharmaceutical and solid-state behaviour. Conventional 
developability screens rarely capture how dose, gastrointestinal fluid volume and crystal surface energetics interact. 
We describe a framework combining Dose Number Disparity, a dual-volume reformulation of the dose number (D₀), 
with Structural Properties Intelligence (SPI), a latent-variable projection of descriptors. Unlike principal component 
analysis, three-dimensional principal factor analysis (3D-PFA) separates shared from compound-specific variance; 
here, to our knowledge, it is first applied to developability. For five SGLT2 inhibitors (canagliflozin, empagliflozin, 
dapagliflozin, ertugliflozin and bexagliflozin), PFA resolved seven descriptors into three factors capturing 95.76% of 
common variance: dose–solubility disparity (F1, 59.44%), interfacial polar-surface energy (F2, 27.60%) and a minor 
residual factor (F3, 8.72%), with 4.24% descriptor-specific uniqueness. Dual-volume analysis revealed a compendial 
masking hazard: empagliflozin and bexagliflozin dissolve completely in 900 mL (D₀^Comp < 1) yet remain 
dissolution-limited at a physiological 250 mL (D₀^Clin > 1). Empagliflozin and ertugliflozin occupied the high-
surface-energy pole of F2 (γs = 52.3–54.1 mN/m), consistent with non-wetting, clumping and floatation in pH 1.2 
medium. Canagliflozin was an extreme F1 outlier owing to its 300 mg dose (D₀^Clin = 266.67). Influence diagnostics 
(Hotelling's T² limit 114.99; Q limit 1.044) confirmed an outlier-free model and identified empagliflozin as the most 
idiosyncratic member (uniqueness ≈ 0.95). A Quality-by-Design risk matrix links each compound to a preferred 
process path and mitigation. 
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Graphical Abstract: The BCS III Developability Roadmap (Gliflozin’s Case Study): From Molecular Risk 
to QbD Risk Mitigation 

 

The Gliflozin Developability Roadmap
From molecular risk to successful formulation — an integrated Dose-Disparity + 3D-PFA + QbD framework
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1. Introduction 
The contemporary drug-discovery pipeline is exceptionally efficient at generating potent chemical matter, yet a large 
fraction of that matter is physically difficult to develop. A substantial majority of new small-molecule candidates 
emerging from combinatorial chemistry and high-throughput screening are poorly water-soluble, placing them into 
Class II or Class IV of the Biopharmaceutics Classification System (BCS) and into the high-risk quadrants of its 
developability-oriented successor, the Developability Classification System [1–3]. For these compounds, therapeutic 
performance is rarely dictated by equilibrium solubility in isolation. It emerges instead from the intersection of three 
quantities that are seldom evaluated together: the absolute mass that must dissolve to deliver a clinical dose, the fluid 
volume actually available in the relevant compartment, and the energetics of the crystal surfaces that must be wetted 
before dissolution can begin [4,5]. 
Historically, developability screening treated structural attributes and thermodynamic solubility as independent 
checkpoints cleared in sequence [6]. This compartmentalised logic is convenient but fragile. A compound with sub-
microgram solubility can be entirely developable if its therapeutic dose is correspondingly small, whereas a molecule 
with moderate solubility can present intractable formulation problems when the clinical dose runs to hundreds of 
milligrams [7]. The same disconnect propagates downstream, where surface chemistry that is invisible to a solubility 
assay nonetheless governs powder flow, compaction and dissolution. The practical consequence is a recurring pattern 
of late-stage surprises: manufacturing failures during scale-up, unexpected bioavailability ceilings, and physically 
unstable formulations that perform acceptably in a quality-control vessel but disappoint in vivo. Moving beyond 
reactive, empirical formulation requires predictive protocols that extract physical intelligence from the simplest 
available inputs, structure and dose. 
A central weakness of early developability workflows is their failure to couple clinical dose demand to localised fluid 
volume. The dimensionless dose number (Do) introduced by Amidon and colleagues already encodes this coupling 
[2], yet in routine practice it is most often computed against a single, generous dissolution volume and then read as a 
pass/fail flag. We argue that the more informative quantity is the difference between dose numbers computed at two 
physically meaningful volumes. Compendial dissolution testing typically uses a 900 mL vessel, whereas the fasted 
human stomach offers on the order of 250 mL. A candidate can satisfy Do ≤ 1 in the laboratory while violating it in 
the body. To make this hazard explicit, the present work formalises the metric of Dose Number Disparity, contrasting 
a clinical dose number (𝐷0!"#$, 250 mL) with a compendial dose number (𝐷0

!%&', 900 mL). Where the two diverge 
across the unity threshold, a formulation may look promising under standard quality-control conditions yet fail in the 
restrictive fluid volumes encountered physiologically, a condition we term the compendial masking hazard. 
Beyond the macroscopic dosing variables, a candidate's downstream behaviour is encoded in its crystal lattice and 
molecular topography. Descriptors such as topological polar surface area (TPSA), the estimated hydrophilic–lipophilic 
balance (HLB) and the crystal surface free energy (γs) jointly determine how a bulk powder interacts with processing 
equipment and aqueous media [8–12]. Individually, each descriptor is only weakly diagnostic; their value emerges 
when they are read together as a coordinated signature. We therefore introduce Structural Properties Intelligence 
(SPI), a multidimensional approach that integrates molecular descriptors with macroscopic processing metrics through 
latent-variable projection. 
Where most pharmaceutical chemometric workflows reach for principal component analysis (PCA), which 
decomposes the total variance of the data into composite axes [13–15], we instead adopt principal factor analysis 
(PFA), also termed principal axis factoring. PFA is a common-factor model that partitions the variance of each 
descriptor into a portion shared with other descriptors (the communality) and a descriptor-specific portion (the 
uniqueness) [16–19]. This distinction is not cosmetic. Because PFA models only shared covariance, the latent factors 
it returns represent the physical structure common to the descriptor set rather than mathematical composites inflated 
by descriptor-specific noise, and the residual uniqueness provides an explicit, interpretable measure of how atypical 
each candidate is. For a developability problem, where the goal is to identify the few latent physical dimensions that 
actually drive manufacturability, the common-factor formulation is conceptually better matched to the question than 
total-variance PCA. 
To demonstrate the framework, we selected a homologous series of SGLT2 inhibitors: canagliflozin, empagliflozin, 
dapagliflozin, ertugliflozin and bexagliflozin. The class is unusually well suited to a comparative developability study 
because its members share a common C-glucoside core yet differ in defined structural appendages: a lipophilic 
thiophene in canagliflozin, a hydrophilic tetrahydrofuran ether in empagliflozin, a bridged dioxabicyclo skeleton in 
ertugliflozin, a low-polarity aglycone in dapagliflozin and an extended benzyl-ether arm in bexagliflozin. These 
modest substitutions translate into pronounced differences in polar surface footprint, surface energy and, importantly, 
clinical dose, which spans from 10 mg to 300 mg across the set [7]. The series thus offers a controlled gradient along 
which to observe how surface chemistry and dose loading ripple outward into wettability, agglomeration, punch 
filming and dissolution kinetics. 
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To the best of our knowledge, this study is the first to apply three-factor (3D) principal factor analysis, a latent 
common-variance method long established in the behavioural and analytical-chemistry literatures [16–23] but rarely, 
if ever, used for solid-state developability, to integrated pharmaceutical developability assessment, and the first to 
couple it with a dual-volume Dose Number Disparity metric and a Quality-by-Design (QbD) risk matrix across a 
homologous drug series. The prevailing multivariate tools in pharmaceutics are PCA and partial least squares 
regression [13–15,24,25]; the common-factor model has not, to our knowledge, been deployed to separate the shared 
biopharmaceutical structure of a candidate series from compound-specific idiosyncrasy in this way. We regard the 
priority claim as provisional pending a formal bibliometric search, but note that no prior report known to us integrates 
these three elements. The objectives of the study were therefore: (i) to formalise and apply the dual-volume Dose 
Number Disparity metric; (ii) to construct a 3D-PFA projection that resolves dose-driven and surface-driven risks 
onto orthogonal latent factors while quantifying descriptor uniqueness; (iii) to validate the resulting predictions against 
direct wettability of empagliflozin as qualitative observation; and (iv) to translate them into an actionable QbD risk 
matrix. 
2. Materials and Methods 
Dataset compilation 
The assessment was built on a standardised biopharmaceutical descriptor matrix for the five gliflozins. Each 
compound was characterised by seven continuous descriptors spanning physicochemical and manufacturing domains: 
predicted equilibrium solubility (Cs, mg/mL); maximum single therapeutic dose strength (M, mg); clinical dose 
number (𝐷0!"#$, computed at 250 mL); compendial dose number (𝐷0

!%&', computed at 900 mL); topological polar 
surface area (TPSA, Å²); estimated hydrophilic–lipophilic balance (HLB); and predicted lattice surface free energy 
(γs, mN/m, numerically equivalent to mJ/m²). Solubility, HLB and surface-energy values were obtained as in silico 
predictions and should be read as model estimates rather than primary measurements; the dose strengths correspond 
to the highest marketed single-dose tablets. The complete baseline matrix is presented in Table 1. 
Two derived flags were computed directly from the dose numbers. A compendial masking flag was raised whenever 
𝐷0
!%&'< 1 < 𝐷0!"#$, indicating that a compound would dissolve completely under compendial volumes but remain 

dissolution-limited at physiological volumes. A BCS class was assigned to each compound from its solubility and 
established permeability behaviour, yielding one Class IV member (canagliflozin) and four Class III members. 

Table 1. Raw comprehensive biopharmaceutical property matrix for the gliflozin series. Cs, predicted equilibrium 
solubility; M, maximum single dose; 𝐷0

!%&' and 𝐷0!"#$ dose numbers at 900 mL and 250 mL; ΔDo, disparity ratio; 
TPSA, topological polar surface area; HLB, estimated hydrophilic–lipophilic balance; γs, predicted lattice surface 
free energy. 
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Canagliflozin (IV) 0.0045 300 266.67 74.07 3.6 111.4 7.5 48.5 

Empagliflozin (III) 0.030 25 3.33 0.93 3.6 115.6 9.2 52.3 

Dapagliflozin (III) 0.173 10 0.23 0.064 3.6 106.4 8.8 46.8 

Ertugliflozin (III) 0.119 15 0.50 0.14 3.6 120.2 9.5 54.1 

Bexagliflozin (III) 0.0565 20 1.42 0.39 3.6 115.6 8.2 49.6 
The Dose Number Disparity construct 
The dose number is the dimensionless ratio of the concentration that a dose would generate if fully dispersed in the 
available fluid to the equilibrium solubility of the compound in that medium [2]: 

𝐷0 =
𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝐷𝑎𝑖𝑙𝑦	𝐷𝑜𝑠𝑒

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑	𝐼𝑛𝑡𝑟𝑖𝑛𝑠𝑖𝑐	𝑆𝑜𝑙𝑢𝑏𝑖𝑙𝑖𝑡𝑦	(𝐶()	𝑥	𝑉𝑜𝑙𝑢𝑚𝑒	𝑜𝑓	𝐷𝑖𝑠𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛	𝑀𝑒𝑑𝑖𝑎(𝐶()
 ….(1) 

where M is the maximum single dose (mg), V0 the available fluid volume (mL) and Cs the equilibrium solubility 
(mg/mL). Do ≤ 1 indicates that the available volume is thermodynamically sufficient to dissolve the entire dose, 
whereas Do > 1 signals a dissolution-limited, saturation-constrained system. We expanded this single-point metric 
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into a dual-volume analysis by computing the clinical dose number against a fasted-stomach volume and the 
compendial dose number against a standard United States Pharmacopeia (USP) Apparatus 2 vessel volume: 

𝐷0 =
𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝐷𝑎𝑖𝑙𝑦	𝐷𝑜𝑠𝑒

𝐶(	𝑥	𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙	𝐷𝑖𝑠𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛	𝑉𝑜𝑙𝑢𝑚𝑒	(250	𝑚𝐿) ….(2) 

  

𝐷0 =
𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝐷𝑎𝑖𝑙𝑦	𝐷𝑜𝑠𝑒

	(𝐶()	𝑥	𝐶𝑜𝑚𝑝𝑒𝑛𝑑𝑖𝑎𝑙	𝐷𝑖𝑠𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛	𝑉𝑜𝑙𝑢𝑚𝑒	(900	𝑚𝐿) ….(1) 
 

….(3) 

Because both expressions share M and Cs, their ratio collapses to a constant geometric factor, the Dose Number 
Disparity factor (ΔDo): 

∆𝐷0 =
𝐶𝑜𝑚𝑝𝑒𝑛𝑑𝑖𝑎𝑙	𝐷𝑖𝑠𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛	𝑉𝑜𝑙𝑢𝑚𝑒	
	𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙	𝐷𝑖𝑠𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛	𝑉𝑜𝑙𝑢𝑚𝑒  ….(4) 

  

∆𝐷0 =	
900	𝑚𝐿
250	𝑚𝐿 ….(1) 

 

….(5) 

  
∆𝐷0 = 	3.6 ….(6) 

This fixed 3.60 ratio conceals an analytical inflection point. As a candidate's intrinsic properties slide along the 
solubility–dose continuum, it can enter a narrow band in which 𝐷0

!%&' < 1 and 𝐷0!"#$ > 1. Within this band a drug 
dissolves fully and appears unremarkable in a routine compendial test yet faces genuine dissolution limitation in the 
restricted volumes available in vivo [5]. Flagging this band is the principal diagnostic purpose of the disparity 
construct. 
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Interfacial energetics and thermodynamic wetting 
The transition of a dry powder to a dispersed suspension is governed by the surface free energy of its crystal planes. 
Following Fowkes and the Owens–Wendt–Rabel–Kaelble treatment, the solid surface energy resolves into dispersive 
and polar components [8,9]: 

γs = γs(d) + γs(p) ….(7) 

where γs(d) captures van der Waals and London dispersion forces and γs(p) captures hydrogen bonding and dipolar 
interactions. The wetting equilibrium at the solid–liquid–vapour line is described by Young's equation, 

γSV = γSL + γLV · cos θ ….(8) 

with θ the contact angle and γSV, γSL and γLV the solid–vapour, solid–liquid and liquid–vapour interfacial energies. 
The net tendency to wet is captured by the spreading coefficient S [10]: 

S = γSV − (γSL + γLV) = γLV (cos θ − 1) ….(9) 

Spontaneous wetting without mechanical assistance requires S ≥ 0, equivalent to θ = 0°. When the polar fraction of 
the exposed crystal faces is small, the solid–liquid interfacial energy against an aqueous phase remains high, S 
becomes negative, and the system actively rejects moisture, the physical origin of clumping and floatation [11]. 
Thermodynamics of particle agglomeration 
The total surface free energy stored in a particulate mass scales with both its specific surface energy and its exposed 
area, Gsurface = γs · Atotal. Any spontaneous process reduces overall free energy (ΔG < 0); for a powder with high γs the 
dominant route to lower energy is a reduction in exposed area through interparticle agglomeration [12]: 

ΔG = γs · ΔA ….(10) 

Because γs multiplies the area change, fine high-energy particles experience a strong thermodynamic driving force to 
coalesce (ΔA < 0). This aggregation can cancel the dissolution advantage intended by micronisation, because the 
newly created internal interfaces are removed from contact with the bulk medium. 
Principal factor analysis pipeline 
To remove the scale incompatibility between descriptors (for example, Å² against mg), the raw 5 × 7 matrix was 
standardised by column to zero mean and unit variance (autoscaling): 

X(scaled) = (*	,	-)	
/

 ….(11) 

The autoscaled matrix was then decomposed by principal factor analysis rather than PCA. PFA expresses each 
standardised descriptor zj as a linear combination of a small set of latent common factors plus a descriptor-specific 
unique factor [16,18,19]: 

zj = lj1·F1 + lj2·F2 + lj3·F3 + ej ….(12) 

where lja are the factor loadings, Fa the latent common factors and ej the unique factor. Crucially, and unlike PCA, 
which eigen decomposes the full correlation matrix with a unit diagonal and therefore explains total variance [13,14], 
whereas PFA operates on a reduced correlation matrix in which the unit diagonal is replaced by communality estimates 
(h²j, the variance of descriptor j shared with the others). The complementary quantity, the uniqueness u²j = 1 − h²j, is 
the descriptor-specific variance the common factors do not explain. Initial communalities were estimated as the 
squared multiple correlation of each descriptor on the remaining six and refined iteratively until convergence; loadings 
were obtained as the scaled eigenvectors of the converged reduced matrix [19]. The number of common factors was 
fixed at three on the basis of the scree criterion [21] and the eigenvalue pattern [22], following standard exploratory 
factor-analytic practice [23,24]. 
Two complementary diagnostics characterised model fit and influence. Hotelling's T² measured each sample's 
leverage, its distance from the model centre within the retained factor space [13]: 

T²(i) = 0	1²(#2)	
3(2)

 ….(13) 

with the 95% control limit derived from the F-distribution. Secondly, T²(limit) = [A(n−1)/(n−A)] · Fα(A, n−A). In the 
common-factor setting the squared residual (Q) coincides with the sample uniqueness, the variance left in a sample 
once the common factors are removed: 

Q(i) = Σ (X(ij,scaled) − X̂(ij,scaled))² ….(14) 
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with its 95% limit approximated from a scaled chi-square distribution. Together, T² and the uniqueness coordinate 
define an influence space in which genuine high-leverage samples are separated from samples that are merely 
structurally atypical (high uniqueness). 
In vitro dissolution and wetting observation 
To validate the factor-analytic predictions, dissolution and wetting were observed directly on unformulated, high-
energy raw powder. Tests used a USP Apparatus 2 (paddle) assembly with 900 mL of 0.1 N HCl simulated gastric 
fluid adjusted to pH 1.2, held at 37.0 ± 0.5 °C with paddle agitation of 50 rpm. A 25 mg powder charge, the highest 
comparable single-dose strength across the Class III members, was introduced onto the medium surface. High-
resolution digital imaging at fixed intervals recorded macroscale wetting, dispersion kinetics, hydration pathways and 
any clumping or floatation at the air–liquid interface. These observations were interpreted against the spreading-
coefficient and agglomeration relationships [26]. 
3. Results 
Dose Number Disparity and the compendial masking hazard 
The dual-volume analysis (Table 1, Figure 1) immediately stratified the series into three biopharmaceutical regimes. 
Dapagliflozin and ertugliflozin were comfortably dissolution-sufficient at both volumes 𝐷0!"#$ = 0.23 and 0.50; 𝐷0

!%&' 
= 0.064 and 0.14), reflecting their relatively high predicted solubility and low dose. Canagliflozin occupied the 
opposite extreme, dissolution-limited under every condition (𝐷0!"#$,  = 266.67; 𝐷0

!%&'  = 74.07), a direct consequence 
of its very low solubility (0.0045 mg/mL) combined with the highest dose in the class (300 mg). The diagnostically 
interesting compounds were empagliflozin and bexagliflozin, which fell squarely inside the compendial masking band: 
both satisfied 𝐷0

!%&' < 1 (0.93 and 0.39) yet violated 𝐷0!"#$  > 1 (3.33 and 1.42). A routine 900 mL dissolution test 
would therefore certify complete dissolution for these two molecules while a physiologically faithful 250 mL volume 
predicts saturation-limited release. The constant ΔDo of 3.60 across all five compounds confirms that this hazard is a 
purely geometric property of the volume ratio, activated only when a candidate's intrinsic solubility–dose balance 
positions it across the unity threshold. 

 
Figure 1. Dual-volume dose number disparity across the gliflozin series, plotted on a logarithmic scale. Clinical 
(250 mL) and compendial (900 mL) dose numbers are shown for each compound against the Do = 1 saturation 
threshold (dashed line). The shaded band marks the compendial masking zone, in which empagliflozin and 
bexagliflozin pass under compendial volumes (𝐷0

!%&' < 1) yet fail at physiological volume (𝐷0!"#$	> 1). 
Canagliflozin is solubility-limited under all conditions. Dapagliflozin and Ertugliflozin are highly soluble at the 
clinical dose. 

Structure Property Intelligence 
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The pair-wise scatter plot matrix utilizes the Pearson correlation coefficient (r), a parametric statistic measuring the 
linear relationship between two continuous variables on a strict scale from -1.00 (perfect negative correlation) to +1.00 
(perfect positive correlation) and a vlue close to 0 indicate no correlation. The Pearson correlation matrix shows an 
absolute positive correlation (r = 1.00) matching Maximum Daily Dose (mg) directly with both Clinical Dose Number 
(𝑫𝟎

𝑪𝒍𝒊𝒏) and Compendial Dose Number (𝑫𝟎
𝑪𝒐𝒎𝒑). Conversely, Predicted Aqueous Solubility (mg/mL) displays a strong 

negative correlation against administered dose mass (r = -0.62) and an identical inverse relationship (r = -0.59) with 
both dose numbers. Looking at structural properties, Total Polar Surface Area (TPSA, Å2) exhibits a robust, direct 
positive correlation (r = 0.93) with Predicted Surface Energy (mN/m). In contrast, electronic and surface boundary 
properties like TPSA (r = -0.06) and Surface Energy (r = -0.15) show negligible, weak correlations when paired 
directly against absolute clinical or compendial dousing metrics across the gliflozin dataset. 

 
Figure 2. SGLT2 Inhibitor Structure Property Correlation Heatmap SPLOM 

Common-variance apportionment by Principal Factor Analysis 
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Unlike principal component analysis (PCA), which maximizes total variance (including error/noise), principal factor 
analysis (PFA) separates the shared common variance from unique/error variance. It iteratively targets the 
communalities along the diagonal of the correlation matrix, making it a much more rigorous approach for uncovering 
hidden physical chemistry and biopharmaceutical relationships. PFA of the auto-scaled matrix extracted three 
interpretable common factors that together accounted for 95.76% of the common variance, distributed as F1 = 59.44%, 
F2 = 27.60% and F3 = 8.72% (Figure 3A-C, common-variance breakdown). The residual 4.24% represents descriptor-
specific uniqueness, variance not shared across the descriptor set and therefore not attributable to any latent physical 
factor. This partition is the central methodological advantage of the common-factor approach over PCA: rather than 
forcing the data to 100% explained variance, PFA explicitly quarantines the idiosyncratic component, so the retained 
factors describe only the structure genuinely shared across descriptors. The dominance of the first two factors (87.04% 
jointly) indicates that gliflozin developability is, to first order, a two-dimensional problem, consistent with the intrinsic 
dimensionality of a five-sample dataset. 
Factor loadings: orthogonal separation of dose and surface domains 
The loading structure (Figure 3A-C, molecular factor loadings) revealed a clean and physically meaningful partition. 
F1 was defined almost entirely by the bulk dosing and solubility descriptors: maximum dose, D0Clin and D0

Comp loaded 
near +1.0, while predicted solubility (≈ −0.60) and estimated HLB (≈ −0.80) loaded negative. F1 therefore functions 
as an interpretable dose–solubility disparity factor, with high positive scores denoting compounds whose absolute 
dose overwhelms their solubility. F2 was driven by the surface descriptors, predicted surface energy  
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Figure 3A. Three-dimensional principal factor analysis (3D-PFA) dashboards for the gliflozin descriptor matrix, 
with factor score maps (F1×F2, F2×F3, F1×F3), molecular factor loadings, the shared-trait PFA biplot, 
influence-space diagnostics (Hotelling's T² versus as a function of TPSA (Å2) 
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Figure 3B. Three-dimensional principal factor analysis (3D-PFA) dashboards for the gliflozin descriptor matrix, 
with factor score maps (F1×F2, F2×F3, F1×F3), molecular factor loadings, the shared-trait PFA biplot, 
influence-space diagnostics (Hotelling's T² versus as a function of HLB 
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Figure 3C. Three-dimensional principal factor analysis (3D-PFA) dashboards for the gliflozin descriptor matrix, 
with factor score maps (F1×F2, F2×F3, F1×F3), molecular factor loadings, the shared-trait PFA biplot, 
influence-space diagnostics (Hotelling's T² versus as a function of Predicted Surface Energy (mN/m) 
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(≈ −0.92) and TPSA (≈ −0.87) loaded strongly, with HLB (≈ −0.43) contributing, making it an interfacial polar-
energetics factor. Because the sign of a factor is arbitrary, the negative loadings simply mean that high-surface-
energy, high-TPSA compounds occupy the negative pole of F2. The minor F3 captured a residual polar/solubility 
nuance (TPSA ≈ +0.42, solubility ≈ −0.52). The near-orthogonality of F1 and F2 is the central structural result: the 
absolute dose burden of a compound and the polar energetics of its crystal surface are statistically independent latent 
dimensions of risk and must be managed by different formulation levers. summarise the variance capture (F1 59.44%, 
F2 27.60%, F3 8.72%; cumulative 95.76%) and 95% control limits (Hotelling's T² 114.99; Q/uniqueness 1.044). 
Factor-score clustering and structural mapping 
Projecting the compounds into the factor-score space reproduced the structural logic of the series. Along the F1 axis, 
canagliflozin separated decisively to the far positive edge (F1 ≈ +2.0), an extreme dosing outlier produced by its 300 
mg dose, an order of magnitude above the 10–25 mg of its congeners, which drives 𝐷0!"#$ to 266.67. The remaining 
four compounds clustered near the negative-F1 region, distinguished instead by their F2 coordinate. At the negative-
F2 (high-surface-energy) pole sat ertugliflozin (F2 ≈ −1.45; γs = 54.1 mN/m, TPSA = 120.2 Å²) and empagliflozin 
(F2 ≈ −0.65; γs = 52.3 mN/m, TPSA = 115.6 Å²), consistent with the highly oxygenated bridged dioxabicyclo skeleton 
of ertugliflozin and the hydrophilic tetrahydrofuran ether core of empagliflozin. At the opposite, positive-F2 pole sat 
dapagliflozin (F2 ≈ +1.47; γs = 46.8 mN/m, TPSA = 106.4 Å²), whose surface is dominated by dispersive van der 
Waals interactions and the smallest polar footprint in the set, with bexagliflozin at an intermediate positive position. 
Each compound is thus located at the intersection of a dose-risk coordinate (F1) and a surface-risk coordinate (F2), 
allowing the dominant liability of each molecule to be read directly from its position. 
Influence diagnostics and the uniqueness coordinate 
To confirm that the projection was not distorted by a single dominant sample, all five compounds were mapped into 
the Hotelling T²–uniqueness influence space (Figure 3A-C, influence-space panels). The 95% control limits were T² 
= 114.99 and Q/uniqueness = 1.044. Every gliflozin plotted far within the T² boundary, confirming that no molecule, 
not even the dosing outlier canagliflozin exerts disproportionate leverage on the model alignment. In the uniqueness 
dimension, empagliflozin carried by far the highest value (≈ 0.95), projecting close to but beneath the 1.044 limit, 
with ertugliflozin next (≈ 0.47) and the remaining three near zero. The elevated uniqueness of empagliflozin is the 
common-factor model's explicit signal that its tetrahydrofuran ether configuration contributes variance not shared with 
the rest of the descriptor set, a structural idiosyncrasy that a total-variance PCA would silently fold into its components. 
Because the value remains within the control boundary, the model is statistically valid and outlier-free, while correctly 
identifying empagliflozin as the most atypical member of the class. 
Experimental validation: wetting and dissolution behaviour 
Direct dissolution observation in pH 1.2 medium confirmed the risk predicted at the negative-F2, high-surface-energy 
pole (Figure 3). Rather than sinking and dispersing, the bulk powder immediately formed cohesive macro-aggregates 
that entrained air and floated at the liquid–gas interface. This non-wetting response is the macroscopic expression of 
an unfavourable spreading coefficient (S < 0) and a high solid–liquid contact angle, driven by the dispersive character 
of the unformulated crystal habit [10,11]. The spontaneous formation of floating clumps minimised the area exposed 
to the medium (ΔA ≪ 0) and established a stagnant, locally saturated boundary layer within the core of each aggregate, 
severely restricting mass transfer in accordance with the Noyes–Whitney relationship [26]. The experiment confirms 
that the surface energies resolved along F2 are not abstract coordinates but direct determinants of bulk wetting and 
dissolution behaviour. 
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Figure 4. Macroscale wetting behaviour of unformulated high-energy gliflozin powder on simulated gastric 
fluid (0.1 N HCl, pH 1.2; USP Apparatus 2, 50 rpm, 37 °C). Across top-down (left, centre) and side (right) 
views, the powder resists wetting, forms cohesive 

4. Discussion 
A mechanistic continuum from surface energy to dissolution failure 
The convergence of the factor-analytic projection and the dissolution experiment supports a single mechanistic 
narrative that runs from molecular topography to clinical performance. Compounds at the negative-F2 pole expose 
crystal faces rich in polar functional groups and carry elevated surface free energy (52.3–54.1 mN/m for empagliflozin 
and ertugliflozin). Counter-intuitively, this high lattice energy does not promote aqueous wetting; against a polar 
medium the unformulated dispersive faces still present a large solid–liquid interfacial energy, so the spreading 
coefficient is negative and the powder rejects water [10,11]. The same high γs simultaneously provides the 
thermodynamic driving force for interparticle agglomeration, because coalescence reduces exposed area and therefore 
total surface free energy [12]. The resulting floating clumps trap air, collapse the effective dissolution area and erect 
a saturated boundary layer, so that mass transfer is throttled exactly where the dose number already predicts difficulty. 
Surface energetics (F2) and dose–solubility burden (F1) thus reinforce one another at the point of dissolution, even 
though they are statistically independent latent factors. 
Downstream manufacturing liabilities 
The functional groups responsible for non-wetting in the dissolution vessel create parallel liabilities on the production 
line, and the negative-F2 compounds are predicted to be the most troublesome. Strong interparticle cohesion produces 
poor powder flow, electrostatic charging and bridging in feed hoppers, a particular concern for ertugliflozin and 
empagliflozin. During high-speed compression, the same high-energy polar faces preferentially adhere to stainless-
steel tooling rather than bonding cohesively within the compact, manifesting as punch filming, picking and core 
lamination that degrade content uniformity and tablet integrity [27]. Canagliflozin presents the inverse problem: its 
liability is not surface cohesion but mass. Because the 300 mg active dominates the tablet, mechanical behaviour 
during compaction is governed by the API's own crystal habit rather than by excipients, raising the risk of capping 
and lamination unless the drug load is engineered explicitly [27]. Reading F1 and F2 together therefore predicts not 
only dissolution risk but the specific unit operations most likely to fail. 
Translation to a Quality-by-Design risk framework 
To convert these mechanistic insights into manufacturing controls, the factor coordinates were mapped onto a Quality-
by-Design (QbD) risk matrix that links each compound's position in the SPI space to critical material attributes, critical 
quality attributes and a preferred process path (Table 2), in keeping with regulatory expectations for science- and risk-
based development [28,29]. The matrix ranks blend-flow, punch-filming and wetting/floatation risks for each 
molecule and pairs them with targeted controls. Ertugliflozin, at the negative-F2 extreme, is rated critical on all three 
axes; empagliflozin, also at the negative-F2 pole and additionally inside the masking band, is rated high-to-critical; 
canagliflozin, the extreme F1 outlier, carries a high-drug-load process risk but only moderate surface risk; 
dapagliflozin, at the positive-F2 (low-energy) pole, is the most benign; and bexagliflozin sits at intermediate risk on 
every axis. The value of the matrix is that it assigns risk before development begins, using only descriptors available 
at candidate selection. 



Research Paper 

 
IJDDT Volume 16 Issue 88s 2026 

 

1744 

Table 2. Quality-by-Design critical-quality-attribute risk-mitigation matrix for the gliflozin series, ranking 
processing risks by position within the 3D-PFA projection and linking each compound to a preferred process path 
and recommended formulation controls. F2 sign follows the loading convention of Figure 2, in which the negative 

pole denotes high surface energy. 
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+ Near-zero Low Low Moderate 

High-shear 
wet 
granulation 

Surfactant (e.g., SLS) 
to lower interfacial 
tension; elevated 
binder to carry high 
drug load. 

Empagliflozin Slight – Negative 
(high γs) High High Critical 

Fluid-bed 
wet 
granulation 

Hydrophilic polymer 
masking (HPMC/PVP) 
over high-energy 
planes; colloidal SiO₂ 
glidant. 

Dapagliflozin Slight – Positive (low 
γs) Low Low Low 

Direct 
compression 
/ roller 
compaction 

Standard lubrication 
(Mg-stearate); 
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manufacturing. 
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Negative 
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γs) 

Critical Critical Critical 

Wet 
granulation / 
particle 
modification 

Silica pre-blend to 
lower surface charge; 
anti-adherent punch 
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compaction 
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Risk-specific formulation mitigation 
The matrix points to two distinct mitigation philosophies aligned with the two orthogonal risk factors. For the negative-
F2 cohesion problem (ertugliflozin and empagliflozin), direct compression is strongly discouraged because of punch 
filming and poor flow. These molecules are better served by wet granulation, ideally fluid-bed granulation, which 
deposits a hydrophilic polymer layer such as hydroxypropyl methylcellulose or povidone across the high-energy 
crystal faces. This coating masks the raw cohesive forces, lowers the solid–liquid interfacial tension and restores 
uniform dispersion during dissolution [11,12], while colloidal silica can be added to support flow. For the high-F1 
dosing problem (canagliflozin), the formulation must instead manage drug load. Because the API dominates the 
compact, high-shear wet granulation is preferred, incorporating a surfactant such as sodium lauryl sulfate to counter 
the hydrophobic thiophene ring and facilitate wetting [7], with sufficient binder to preserve mechanical integrity at 
high drug fraction. Dapagliflozin, lowest on both risk axes, is amenable to direct compression or roller compaction 
with conventional lubrication, and bexagliflozin's balanced profile suits dry granulation with an optimised extra-
granular glidant. The framework thus does not merely flag risk; it prescribes the lever appropriate to each risk's 
physical origin. 
Why a common-factor model, and comparison with conventional screening 
Principal Factor Analysis (PFA) was employed to identify the latent common-cause developability factors governing 
dissolution performance and manufacturability, distinguishing shared variance from variable-specific noise [16]. 
Within the proposed Quality by Design (QbD) framework, this (shared variance) enables early recognition of inherent, 
API-related formulation risks like surface wettability, dissolution sensitivity, lubrication susceptibility, and process 
dependency, thereby, providing a rational basis for formulation design, process selection, and control-strategy 
development. By contrast, special-cause variation arising from manufacturing excursions, equipment variability, raw-
material changes, or operational deviations is managed through lifecycle monitoring, continued process verification, 
and risk-based controls consistent with ICH Q10 principles. 
The value of separating these two variance sources is clear against conventional triage, which treats solubility, dose, 
and surface descriptors as independent thresholds and, in several cases, returns a misleading verdict. A single 900 mL 
dissolution screen would certify empagliflozin and bexagliflozin as unproblematic, masking their physiological 
dissolution limitation; an isolated solubility cut-off would group ertugliflozin with benign compounds despite its peak 
surface energy and severe non-wetting; and a dose-only filter would flag canagliflozin without distinguishing its 
dosing problem from the surface problem of the high-energy pair. The integrated PFA approach corrects all three 
errors simultaneously. Crucially, the choice of PFA over the more familiar PCA is consequential rather than stylistic: 
by modelling only shared variance, PFA returns latent factors that map cleanly onto interpretable physical 
mechanisms—a dose factor and a surface factor—and yields an explicit uniqueness coordinate that isolates structurally 
atypical candidates such as empagliflozin [16,19,23]. A total-variance PCA would instead absorb that idiosyncratic 
variance, reporting 100% explained variance and obscuring precisely the signal a developability scientist needs. The 
common-factor formulation is therefore better matched to identifying the few latent dimensions that drive 
manufacturability [27]. 
Limitations and future directions 
Several limitations temper these conclusions and define the next steps. First, the analysis rests on five compounds and 
seven descriptors; with such a small sample the intrinsic dimensionality is bounded and the communality estimates, 
control limits and loadings, while internally consistent, should be regarded as hypothesis-generating rather than 
definitive [23,24]. Expanding the matrix to a larger and more chemically diverse compound set, and bootstrapping the 
factor solution, would sharpen the statistical limits and test the stability of the dose and surface factors. Second, 
solubility, HLB and surface energy were treated as in silico predictions; replacing them with measured biorelevant 
solubilities, inverse gas chromatography surface energies and experimental contact angles would convert the 
projection from a predictive screen into a calibrated one [30–32]. Third, the dissolution validation was qualitative and 
conducted on unformulated powder at a single pH; quantitative release profiling of the masking-band compounds at 
250 mL versus 900 mL, and of formulated prototypes, would directly test the central biopharmaceutical claim. Fourth, 
the priority claim for 3D-PFA in developability is provisional and should be substantiated by a formal bibliometric 
search before publication. None of these limitations undercuts the core finding that dose disparity and surface 
energetics are separable, jointly necessary latent dimensions of developability; they instead define a clear route to a 
validated, generalisable tool. 
5. Conclusion 
This study shows that developability assessment is substantially improved by replacing isolated, single-point screens 
with an integrated framework built on Dose Number Disparity and Structural Properties Intelligence, resolved for the 
first time, to our knowledge, by three-dimensional principal factor analysis. Applied to a homologous series of SGLT2 
inhibitors, the common-factor model compressed a seven-descriptor space into three interpretable latent factors 
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capturing 95.76% of the shared variance, while quarantining 4.24% as descriptor-specific uniqueness. The dominant 
dose–solubility disparity factor (F1) isolated absolute dosing burden and identified canagliflozin as an extreme high-
load problem requiring robust high-shear granulation. The interfacial polar-energy factor (F2) mapped a clean gradient 
of surface excess energy and moisture affinity, with empagliflozin and ertugliflozin anchoring the high-risk pole for 
clumping, equipment adhesion and poor wetting, a prediction confirmed by direct dissolution observation in acidic 
media. The dual-volume dose-number analysis additionally exposed a compendial masking hazard for empagliflozin 
and bexagliflozin, compounds that pass a standard 900 mL test yet remain dissolution-limited at physiological volume, 
and the uniqueness coordinate flagged empagliflozin as the structurally most atypical member. Consolidated into a 
QbD risk matrix, these findings give formulators a proactive, target-specific basis for selecting process paths and 
mitigations before scale-up, illustrating a shift from empirical formulation toward a predictive, design-driven 
developability science. 
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