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ABSTRACT: Trastuzumab emtansine (Kadcyla) is a recently
approved antibody−drug conjugate produced by attachment
of the anti-tubulin drug, DM1, to lysine amines via the SMCC
linker. The resulting product exhibits a drug load distribution
from 0 to 8 drugs per antibody that can be quantified using
mass spectrometry. Different statistical models were tested
against the experimental data derived from samples produced
during process characterization studies to determine best fit.
The Poisson distribution gives the best correlation for samples
manufactured using the target process conditions (yielding the
target average drug to antibody ratio (DAR) of 3.5) as well as
those produced under conditions that exceed the allowed
manufacturing ranges and yield products with average DAR
values that are significantly different from the target (i.e., ≤3.0 or ≥4.0). The Poisson distribution establishes a link between
average DAR values and drug load distributions, implying that measurement and control of the former (i.e., via a simple UV
spectrophotometric method) could be used to indirectly control the latter in trastuzumab emtansine.

■ INTRODUCTION
Monoclonal antibodies (mAb) coupled to potent cytotoxic
chemotherapy drugs (antibody−drug conjugates or ADCs)1,2

are currently being developed and evaluated for a variety of
indications including CD22+ non-Hodgkin’s lymphoma and
HER2+ metastatic breast cancer.3,4 The 2011 approval of
Adcetris, an ADC targeting CD30+ Hodgkin’s lymphoma, and
the 2013 approval of Kadcyla, an ADC targeting HER2+ breast
cancer, have confirmed the clinical benefit that these
therapeutic products can deliver.5 ADCs combine the biological
specificity of an mAb with the high potency of a small molecule
drug to create a single targeted agent with greater efficacy and
lower systemic toxicity than traditional chemotherapy.
For most ADCs in clinical development, the covalent

attachment of drugs is either through the lysine amines of
the antibody or through interchain cysteine thiols. One of the
most important quality attributes of an ADC is the average drug
to antibody ratio (DAR), because this determines the amount
of “payload” that can be delivered to the tumor cell and can
directly affect both safety and efficacy.6 Relative to antibodies
engineered with specific sites of attachment,7 conjugation
reactions on native mAbs result in populations of ADC
molecules that are more heterogeneous with respect to the
loading of cytotoxic drug species.8−12 The resulting distribution
of drug-linked forms is also an important ADC characteristic
because different drug-loaded forms may have different
pharmacokinetic and/or toxicological properties.13 Hamblett
et al. described in vitro studies with purified fractions of
cysteine-linked MMAE conjugates, demonstrating that cell-
based potency increased with increasing drug load (IC50 values
drug load 8 < drug load 4 < drug load 2). In vivo, the higher

drug-load species cleared more rapidly and were more likely to
induce toxicity.13 This phenomenon may be related to the
specific sites that are conjugated in the higher drug-loaded
species, to structural changes associated with the high drug
load, or to other physicochemical characteristics of the
conjugated drug. Although the impact of drug load distribution
on PK of lysine-linked conjugates has not been similarly
characterized due to the difficulty of isolating conjugate pools
with a narrow DAR range, it is still important to understand the
relationships between the conjugation process, the average
DAR, and the distribution of drug-loaded forms. If a robust,
well-defined relationship can be identified linking average DAR
to the drug-load distribution, it may be possible to use a simple
UV-spectrophotometric method as a control for both quality
attributes.
For ADCs where the drug-linker and antibody have different

absorbance maxima, average DAR can be determined using
UV/vis spectroscopic analysis.6 Determining the drug load
distribution, however, can be considerably more challenging,
especially for lysine-linked conjugates. While the drug load
distribution of cysteine-linked conjugates can typically be
determined chromatographically,6 species that differ in the
number of drugs attached through lysine residues are not easily
separated by chromatography due to their high degree of
heterogeneity. Imaged capillary isoelectric focusing (iCIEF) can
separate the different drug load species of lysine-linked
conjugates, but quantification is confounded by charge
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associated variants of the antibody intermediate, cross-linking
(if present), and potential differences in UV response of the
differentially drug-loaded forms. Several published reports have
described the use of mass spectrometry (MS) to characterize
the distribution of lysine-linked conjugates and ADCs.9,10,14,15

In these studies, Fc-Alexa Fluor 350, trastuzumab emtansine
(T-DM1), anti-CD22-MCC-DM1 and huN901-DM1 exhibit
smooth, unimodal load distributions. The only published
exception is gemtuzumab ozogamicin (Mylotarg), which was
first approved for treatment of CD33+ acute myeloid leukemia
in 2000 but withdrawn from the market in 2010. It was also a
lysine conjugate with an average DAR of ∼3 drugs per
antibody. Kunz showed that it consisted of ∼50% unconjugated
antibody (referred to as low conjugate fraction) with the
remainder being a mixture averaging ∼6 drugs/mAb.16 It was
also reported that changing conjugation conditions can
significantly reduce the level of unconjugated mAb (to
∼10%). To date, the factors responsible for this bimodal
distribution are not well understood.
T-DM1 (trastuzumab emtansine) combines the anti-HER2

antibody, trastuzumab (Herceptin) with the cytotoxic micro-
tubule-inhibiting, maytansine derivative, DM1, and is currently
being developed for the treatment of HER2+ breast cancer.4,17

This conjugate was approved by the FDA in early 2013 under
the name Kadcyla. Figure 1 illustrates the two-step conjugation
process for T-DM1. In the first step, the antibody is reacted
with the NHS-activated ester of the heterobifunctional linker,
SMCC, to produce the linker-modified intermediate. DM1,
which contains a free thiol group, is added in the second step

and reacts with the maleimide to produce the thioether-linked
drug conjugate. When run at the target process conditions, a
consistent distribution of DM1-conjugated forms with a
reproducible average DAR of 3.5 drugs per antibody (as
determined by UV spectroscopy) is produced. Mass spectro-
metric analysis (Figure 2) demonstrates that T-DM1 is

composed of a mixture of species with different individual
DARs (ranging from 0 to 8). Integration of the deconvoluted
MS profiles, followed by weight averaging, gives an MS-derived
DAR that correlates well to the average DAR measured by UV
spectroscopy (Figure 3). A similar comparison between DAR
measured using UV spectroscopy and mass spectrometry for a
lysine conjugate was recently published by Boylan et al.15

In order to develop an understanding of how the distribution
of drug on the antibody varies as a function of average DAR, T-
DM1 samples with average DAR values ranging from 2.58 to
4.00 were analyzed by ESI-TOF MS. These samples were
derived from small-scale multivariate process characterization
studies, where variable process conditions were used to perturb
product quality attributes. The relative abundances of the
heterogeneous drug load species in these samples were
determined using intact LC-MS. A numerical analysis of the
mass spectrometric data yielded two suitable discrete models
that relate drug load distribution to average DAR. A strictly
numerical analysis as a first pass screen allowed for an unbiased

Figure 1. Schematic of T-DM1 conjugation: modification of lysines on
trastuzumab with SMCC linker and subsequent reaction with the
sulfhydryl of the DM1 drug. Figure adapted from Wakankar et al.17

Figure 2. Deconvoluted intact mass graph of T-DM1 reference sample
from LC-MS.

Figure 3. Comparison of average DAR determined via UV-
spectroscopy and via mass spectrometry.
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consideration of all standard discrete models and revealed how
selective, or promiscuous, this data set was when fitting models.
The two models resulting from the numerical analysis were
then evaluated to determine how well they agreed with the
understood chemistry of the conjugation process.
Using this approach, a relationship between average DAR

and drug load distribution has been established which is
described by the Poisson distribution. While it has been
previously suggested that lysine-conjugated reactions yield a
Poisson distribution of drug-loaded forms, there was limited
published data to corroborate this claim with significant
statistical power.18−20 In this study, we examine a substantial
set of data (n > 16) generated from the multivariate process
characterization studies and perform hold-out cross-validation
on the data set to assess the accuracy of the Poisson model. We
demonstrate that the manufacture of T-DM1 yields conjugates
with a Poisson distribution for all conditions allowed by the
manufacturing process as well as for conditions that exceed
these limits.

■ RESULTS AND DISCUSSION
Intact Mass Analysis Using LC/MS. In the manufacture of

trastuzumab emtansine, outlined in Figure 1, lysines on
trastuzumab are first modified by reaction with SMCC linkers
to form an intermediate product. The subsequent conjugation
to DM1 drugs via a Michael addition reaction yields the final
product. As mentioned previously, this process results in a
product characterized by a distribution of differentially drug-
loaded species. Intact LC-MS analysis was used to determine
the drug load distribution as shown in the deconvoluted mass
spectrum of a typical sample (Figure 2). The masses in the
series are separated by 958 Da, or the mass of one DM1 drug
and one MCC linker, and this corresponds to the drug load
species, i.e., 0-drug, 1-drug, 2-drug, etc. (the relative mass error
was less than 10 ppm). A second, less abundant series of peaks
can be observed separated from the primary peak series by an
offset of 219 Da, which are attributable to linkers that have
modified the antibody but do not contain conjugated DM1 due
to a side-reaction. For the sake of quantification and model
testing, all peaks with the same drug load were lumped
together, i.e., 2-drug, 2-drug+1-linker, 2-drug+2-linker, to
calculate the relative abundance of that drug load in a given
sample.
Comparison of the mass spectra from samples produced

using the target and nontarget process conditions showed drug
load profiles that were both smooth and unimodal. As expected,
for samples with higher or lower average DAR (by UV), the
drug load distributions are skewed to the higher or lower mass
ranges, respectively, indicating that the centroid, or weighted
average, of the distribution correlated with the average DAR.
The MS data from each sample was evaluated to identify a
model that could accurately link the drug load distributions to
the average DAR as determined by UV spectroscopy (DARUV).
Evaluation of Standard Statistical Models. Five stand-

ard discrete statistical models were fitted and tested against the
“training” data set. Three out of the five models tested did not
warrant further consideration for different reasons. The
geometric distribution is one that would result in a strictly
decreasing fraction as a function of drug load, and so it did not
resemble the experimentally observed distributions. When
optimizing the parameters of the negative binomial distribution,
one of the parameters increased without bound and the
distribution converged to a Poisson distribution. Similarly,

when optimizing the parameters of the hypergeometric
distribution, its parameters increased without bound and the
distribution converged to a binomial distribution. Therefore,
the detailed model analysis focused only on the binomial and
Poisson models.

Fitting Data with the Poisson Model. Based on a visual
inspection of the MS distributions, the most likely statistical
model was based on the Poisson distribution. The Poisson
distribution, is mathematically defined as

λ=
!

λ−P x
x

e( )
x

(1)

where P(x) is the probability of an event occurring x times and
λ is the average number of times for that event to occur. In the
context of trastuzumab emtansine’s structure, it was expected
that P(x) would correspond to the fraction of the sample
having x number of DM1 drugs and average DARUV would
equal λ, i.e., the mean of the drug load distribution (%
Abundance referenced in the figures is equivalent to 100·P(x)).
Substituting DARUV determined by UV spectroscopy directly
for λ in eq 1 and calculating P(x) for each x = 0 through 8, the
model reproduced the general shape of the experimental drug
load distributions by MS, but the apexes from the model
distributions were systematically offset compared to the
experimental distributions (results not shown).
In order to refine the basic Poisson model, we observed a

slight discrepancy in DAR depending on how it was
determined. Figure 3 shows that the average DARUV, which
was calculated from UV measurements (as described in the
Computational Methods section), and the DAR calculated from
the intact LC/MS data (DARMS) are slightly different (by ∼0.2
drugs per antibody) but highly correlated (R2 = 0.974). A
similar difference between UV and MS derived conjugation
ratio was noted by Boylan et al. for their characterization of an
Fc-Alexa Fluor dye conjugate.15 This difference might be
explained by an unequal response in the mass spectrometer
between the different drug load species, i.e., reduced ionization
of more highly drug-loaded species with less positive charge.21

An alternative explanation, that the UV-DAR is affected by
changes to the extinction coefficient of the drug due to the local
environment,22 is less likely due to the multiplicity of surface
accessible lysine linkage sites occupied in T-DM1 leading to
less impact from a specific drug/protein interaction. Using the
data set and linear equation shown in Figure 3 (eq 2a), the UV
determined DAR values (DARUV) were converted to LC/MS
equivalent DAR (DARcalc) values and substituted into the
Poisson model:

= · −DAR 1.0662 DAR 0.4309calc UV (2a)

=
!

−P x
x

( )
(DAR )

e
x

calc DAR calc

(2b)

A parallel, purely statistical analysis that fit the 16 experimental
data sets to the Poisson model using a linear function of the
DARUV values, while minimizing the total variation distance,
resulted in a very similar final model (DARcalc = 1.0999 ×
DARUV − 0.4984). The model from eq 2b (generated using the
MS derived DARcalc) predicted drug load distributions
comparable to the experimental data for three samples with
low, mid, and high DAR (Figure 5). Extending the analysis for
all 16 “training” samples showed that the model tracked the
individual drug load species well (0 to 8 DM1 drugs, Figure 6).
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The most rigorous test of a statistical model is to assess its
performance against novel data sets not included in the model
generation. A related alternative is to use cross-validation. The
advantage of a cross-validation procedure is that it establishes
mutual exclusivity between samples that are used to train (i.e.,

derive) and to validate a model, without the need to produce
and analyze additional samples. As a result, cross-validation
statistics avoid a common pitfall regarding overfitting bias and
overly optimistic accuracy values, while at the same time
remaining economical and practical. The cross-validation
procedure showed that even the worst-fitting modelout of
all the possible model permutations from “training” data sets
had a maximum error limited to 3.4% between the observed
and predicted abundance of any specific drug load species.
Upon closer examination, Figure 6 revealed that the largest

discrepancies between the Poisson model and experimental
data are from the 0, 1, 3, and 4 drug loads. Since the 3 and 4
drug loads are the most abundant, the model appears less
accurate near the target average DAR. While the exact
mechanism for this discrepancy is unclear at this time, it
could be related to ion suppression. Because the 0 to 5 drug
load species elute at similar retention times on LC/MS (data
not shown), the signal for the abundant 3 and 4 drug loads
might be enhanced at the expense of the signal for the 0 and 1
drug loads. Meanwhile, the other low abundant 6, 7, and 8 drug
load species, which do not coelute with the abundant 3 and 4
drug loads, remain largely unaffected.

Fitting Data with the Binomial Model. A close relative to
the Poisson distribution, the binomial distribution, is
mathematically defined as

= !
! − !

− −B x
N

x N x
p p( )

( )
(1 )x N x

(3)

where B(x) is the probability of an event occurring x times
given N number of trials and p probability that an event will
occur in a trial. In the context of trastuzumab emtansine, it was
expected that B(x) would correspond to the fraction of the
sample having x number of DM1 drugs and the parameters p
and N would equal the probability of conjugating any available
lysine and the total number of available lysines, respectively.
In order to enable fitting the binomial model to our

experimental data, eq 3 was rewritten to include a parameter
that corresponds to DAR. The average DAR (λ) can be
expressed using the following relationship between N (number
of available sites) and p (average probability of modification at
any available site):

λ = ·N p (4)

After rearrangement to express p as λ/N and substitution into
eq 3, the binomial model can be expressed as a function of
average DAR (λ) and N.
The statistical analysis to find the optimal binomial model fit

for our data was more complicated than with the Poisson
model because of the need to optimize two parameters instead
of one. To reduce the optimization complexity from a two-
dimensional to a one-dimensional problem, we generated a
separate binomial model for each possible integral value of N
(up to N = 92 sites), thus decoupling N from the model fitting
process. Each binomial model could then be fitted to the drug
load distribution data in much the same way as the Poisson
model was fitted, as a function of average DAR. The iteration
(N = 17 sites) with the lowest discrepancy between modeled
and experimental drug load distributions was chosen as the final
binomial model

=
· −

p
1.0602 DAR 0.4275

17calc
UV

(5a)

Figure 4. UV spectroscopy of DM1, trastuzumab, and T-DM1. Panel
A = DM1 in acetonitrile at 0.012 mg/mL. Panel B = trastuzumab at 0.5
mg/mL. Panel C = T-DM1, with an average DAR of 3.5, at 0.5 mg/
mL.

Figure 5. Comparison of Poisson modeled (dashed lines) and
experimentally determined (solid lines) drug load distributions for
three representative DARUV = 2.98 (black), 3.48 (red), and 4.00
(blue). Experimentally determined drug load distributions are fitted
from discrete data points.
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The same cross-validation procedure described above was then
applied to the MS data using the binomial model, generating a
maximum error of 2.7%. As with the Poisson model, the largest
discrepancies between binomial model and experimental data
were from the 0, 1, 3, and 4 drug loads.
Comparison of Poisson and Binomial Models with

Known Conjugation Chemistry. Experimental data suggests
that conjugation events in trastuzumab emtansine can be
characterized as discrete, rare, and independent of one another.
The molecular structure of a lysine-linked ADC clearly
demonstrates the first characteristic as evidenced by mass-
spectrometry. Peptide map analysis supports the remaining two
characteristics, rarity and independence. Wang et al. previously
described a similar lysine-conjugated molecule, huN901-DM1,
and reported over 40 lysines as containing conjugated drug.14

In our own peptide map analysis of trastuzumab emtansine,
approximately 70 sites out of the 88 total lysines and 4 N-
terminal amines have been identified as containing attached
DM1 using a combination of LC/MS and UV detection at 252
nm which is both sensitive and selective for detecting DM1-
conjugated peptides (Figure 7). The large number of sites on
trastuzumab that are reactive strongly suggests that the
conjugation events are likely to occur independently of each
other. Based on the number of sites that could potentially
undergo reaction (N = 92) and the average loading level (λ =
3.5), the average site occupancy (p) is predicted to be 3.5/92 or
3.8%, indicating that conjugation is a relatively rare event within
the scope of allowable T-DM1 manufacturing conditions (this
average site occupancy agrees well with the value calculated by
averaging the individual site occupancies, Figure 8).
In agreement with our molecule’s conjugation chemistry, the

binomial model assumes discrete and independent events.

Figure 6. Predicted (solid lines) and experimental (circles) relative abundances of the individual drug load species for all 16 “training” samples. The
labels on the right-hand axis indicate the drug load species (0−8). Open circles for drug load 3 species were chosen to avoid confusion between drug
load 2 species.

Figure 7. Overlaid UV traces at 252 nm of T-DM1 and Herceptin sample tryptic digests separated by reverse-phase HPLC. An example pair of
diasteriomer peaks, corresponding to the same conjugation site, is annotated. Only the portions of each chromatogram showing the elution region of
the drug-containing peptides are presented in the figure.
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However, the binomial model also requires that the total
number of conjugatable lysines and the average probability of a
lysine getting conjugated are explicitly specified. The optimized
binomial parameters (i.e., those that give the lowest variance
and best fit) suggest there are only 17 lysine sites available for
conjugation, in direct contradiction to our peptide mapping
data which suggests at least 70 conjugatable lysines (Figure 7).
As a corollary result, it follows that the suggested average
probability of lysine conjugation is overestimated (i.e., for an
average drug loading level of 3.5, the suggested average site
occupancy is 19% when it is actually closer to ∼4%). Similar
qualifying statements about the binomial model were made in a
recent study by Skinner et al. The binomial distribution proved
useful in deconvoluting mass spectra of their lysine-conjugated
antibodies, but Skinner et al. noted that the model parameters
did not necessarily represent physically meaningful properties
of their conjugation system.23 In contrast, the Poisson model
simply but correctly assumes that the number of available sites
is large and discrete and that the lysine conjugation event is rare
and independent. While additional optimization of the binomial

model is certainly possible (i.e., constraining parameter N to
92) and may lead to comparable results, this is outside the
scope of this analysis given that we have already identified a
suitable model (the Poisson model) that is straightforward to
interpret and that demonstrates the relationship between drug
load distribution and average drug load.
The binomial model relative to the Poisson model has a

lower maximum error for the current data set (2.7% vs 3.4%)
when the value of N was set to 17. However, the Poisson model
is simpler in that it requires just one parameter that can be
derived experimentally (λ). More importantly, the Poisson
model makes valid assumptions regarding our molecule’s
chemistry, whereas the binomial model suggests specific details
regarding the conjugation of trastuzumab emtansine which are
misleading (i.e., conjugation occurs at 17 sites, which
contradicts our experimentally determined value of ∼70 sites).

Further Tests of Model and Process Robustness. A
final set of experiments was performed to test the robustness of
the Poisson model and of our process. One key implication of
the Poisson model is thatirrespective of the particular
process conditions used to generate a sampleT-DM1’s drug
load distribution should vary only with average DAR. To test
the validity of this claim, six samples with similar average DAR
(∼3.5) were selectedthree from the original model
generation data set and an additional three from process
development studies that had been prepared using a different
selection of process conditions than those included in the DOE
experiment detailed in Table 1. Figure 9 shows that despite the
differences in process conditions used to make these 6 samples
with similar average DAR, there are essentially no differences
between their distributions.
Last, we challenged our model by analyzing a sample that was

prepared using process conditions significantly displaced from
their targets and that resulted in a conjugate with an average
DAR of 2.58well below both the minimal DAR acceptance
criterion and the DAR for any of the 16 samples used to train
the model. Application of our model to this sample also yielded
a predicted drug load distribution that was in excellent

Figure 8. Percent occupancy plotted for all identified conjugatable
sites on a typical sample of trastuzumab emtansine, DARUV = 3.5.
Dotted line represents average percent occupancy across all potential
conjugation sites (N = 92).

Table 1. T-DM1 Conjugation Processing Conditions and Sample Lista

process variable

Step 1 Step 2

sample name A B C D E F A B C DAR (UV)

1 −1.5% −4% −5% −10% −3% −40% 0 0 0 2.98
2 −1.5% +4% −5% +10% −3% −40% 0 0 0 3.23
3 +1.5% +4% −5% +10% +3% −40% 0 0 0 3.84
4 −1.5% −4% +5% −10% −3% +40% 0 0 0 3.09
5 +1.5% +4% +5% +10% +3% +40% 0 0 0 4.00
6 0 0 0 0 0 0 0 0 0 3.48
7 0 0 0 0 0 0 −7% −33% −25% 3.27
8 0 0 0 0 0 0 −4% −33% +25% 3.41
9 0 0 0 0 0 0 +7% +33% +25% 3.29
10 0 0 0 0 0 0 −7% −33% −25% 3.40
11 0 0 0 0 0 0 −4% −33% +25% 3.38
12 0 0 0 0 0 0 0 0 0 3.37
13 0 0 0 0 0 0 0 0 0 3.46
14 0 0 0 0 0 0 −4% +33% −25% 3.55
15 0 0 0 0 0 0 +7% −33% −25% 3.80
16 0 0 0 0 0 0 −2% +33% −25% 3.60

aPercentage values indicate differences from target conditions. Target conditions are indicated by the number 0 in all columns, i.e., samples 6, 12,
and 13.
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agreement with the experimentally observed distribution
(Figure 10). The maximum error between predicted and
observed distribution for this sample was 1.7%.

■ CONCLUSIONS
Chemical conjugation through a protein’s lysine residues is
well-documented to result in product heterogeneity due to the
number and reactivity of the potential target sites.9,14,21 In the
case of a monoclonal antibody, conjugation of drugs using
protein amines (lysines and the peptide chain N-termini)

results in products with a distribution of drug-loaded forms.
Due to the complexity and heterogeneity of these conjugates,
no simple chromatographic analytical method that accurately
measures the distribution has been developed. Imaged capillary
isoelectric focusing (iCIEF) with 280 nm detection is being
used to characterize lysine linked conjugates, and the overall
distribution of charged species resembles the deconvoluted
mass distribution that is observed by MS. However, since the
iCIEF peak intensities are significantly influenced by the
charged associated variants of the antibody intermediate, the
level of cross-linking (if present), and the UV absorbance
properties of the drug and/or linker, the data for peaks other
than the 0-drug species is difficult to interpret and model. Mass
spectrometry can be used to characterize the drug-load
distribution; however, this technique would be difficult to
move into a quality control laboratory for routine lot-release
testing of an ADC for clinical or commercial use. By contrast,
UV spectroscopy is a simple and reliable method to determine
the average drug to antibody ratio based on the absorbance of
the drug and antibody.6 The purpose of this study was to
determine if there is a robust and predictive mathematical
relationship between the average DAR and the distribution,
which might allow UV spectroscopy to serve as a surrogate test
for distribution.
Although some previously published reports have speculated

that the distribution of lysine-linked conjugates could be
described using the Poisson equation, few details were provided
to justify this conclusion. In the work described above, by

Figure 9. Process robustness data showing that samples generated using different process conditions but with similar average DARUV (∼3.5) have
very similar drug load distribution profiles. The number in the center denotes each sample’s average DARUV. Solid lines represent experimental data
and the dotted line represents a Poisson predicted drug load distribution for DARUV = 3.5.

Figure 10. Poisson predicted (dashed) and experimental (solid) drug
load distribution profile for a T-DM1 sample with average DARUV of
2.58.
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applying a statistical analysis to a large enough sample of related
molecules, derived from process design-of-experiment studies,
the validity of the Poisson model could be verified for
trastuzumab emtansine. Different antibodies and conjugation
processes are likely to lead to different distributions, so it is not
possible yet to predict if this conclusion about the Poisson
relation between DAR and distribution can be extended to
other lysine-linked ADCs. For example, a recent publication by
Boylan et al. demonstrates that for Fc-AF350, a conjugate
containing dye molecules attached through lysine residues, a
normal distribution is observed over a wide range of DAR
(1.5−7.8).15 Nevertheless, for trastuzumab emtansine, manu-
factured under well-defined conditions, the drug-load distribu-
tion varies as a function of average DAR and can be predicted
from that measurement. This implies that the fraction of any
specific species (such as the level of unconjugated antibody)
can also be derived from the DAR. Therefore, measurement
and control of the average DAR using a simple UV
spectrophotometric method could be used to indirectly control
the drug load distribution for this conjugate. This work is one
example of the utility of modeling in the biopharmaceutical
industry and helps advocate for further exploration of modeling
for ADCs in order to enhance our understanding and our
ability to ensure the product quality of these complex
therapeutics.

■ EXPERIMENTAL PROCEDURES
T-DM1 samples for the “training” and “test” data sets were
derived from several small-scale multivariate process character-
ization studies where manufacturing conditions were varied to
generate trastuzumab emtansine with a range of DAR values
(shown in Table 1). Modification and conjugation are
homogeneous solution reactions and the conditions varied
include, for example, pH, cosolvent concentrations, reactant
stoichiometries, reaction times, buffer, and other solute
concentrations and temperature. The target conditions for the
reaction are indicated by the number 0 in Table 1, while the
extent of the variation evaluated in the experimental design is
indicated by the ±x%. Assignment of samples to the “training”
set or “test” data set as part of the hold-out cross-validation
analysis will be described below.
Average DAR by UV/vis Absorbance Spectroscopy.

UV spectroscopy was used to simultaneously determine the
concentrations of antibody and drug.6,15 Two of the
components of T-DM1, trastuzumab antibody and DM1
drug, absorb strongly at 280 and 252 nm, respectively, and
contribute to the resulting UV spectrum of the antibody−drug
conjugate (Figure 4). The MCC linker does not have
significant absorbance at either of these wavelengths. Based
on the extinction coefficients of each component at these
wavelengths (ε280 DM1 = 5700 M−1 cm−1, ε252 DM1 = 26 790
M−1cm−1 and ε280 Tmab = 218 134 M−1cm−1, ε252 Tmab = 76 565
M−1cm−1), the solution of a pair of simultaneous linear
equations allows calculation of the molar concentrations of
antibody and of DM1 from the measured absorbances at 280
and 252 nm. The average DAR (expressed as moles of DM1
per mole of antibody) is then derived from the ratio of the
DM1 and antibody concentrations. Spectra were taken using a
dual-beam UV/vis spectrophotometer (PerkinElmer Lambda
25) of samples diluted to approximately 0.5 mg/mL in
formulation buffer. The instrument was blanked against the
same buffer and measurements were performed at ambient
temperature.

Experimentally Determined Drug Load Distribution
Using Intact LC-MS. MS analysis of intact and deglycosylated
T-DM1 was performed using a PE-Sciex QSTAR Pulsar mass
spectrometer. Protein was deglycosylated by incubation
overnight at pH 7.5 in 100 mM Tris buffer at 37 °C in the
presence of PNGase F (New England Biolabs) at a ratio of
5000 units per mg antibody. Samples (20 μg) were introduced
into the mass spectrometer using an RP-HPLC column
(Agilent POROSHELL 300SB, C8, 1.0 × 75 mm, 5 μm, 300
Å) run at 0.2 mL/min and equilibrated at 75 °C with 82%
solvent A (0.1% formic acid in water). After equilibration with
82% solvent A for 10 min, samples were eluted using a 16 min
linear gradient from 18% to 95% solvent B (0.1% formic acid in
acetonitrile). The capillary and cone voltages of the mass
spectrometer were optimized for maximum sensitivity. The
final instrument conditions included an electrospray voltage of
5200 V, a first declustering potential (DP1) of 60 V, a second
declustering potential (DP2) of 15 V, a focusing potential of
200 V, and a capillary temperature of 350 °C. Mass spectra
were derived by deconvolution of the multiply charged ions
using Analyst QS 1.1 software. Integration of the resulting
peaks was performed using the same software package. As seen
in Figure 2, the mass spectrum exhibits a minor, secondary
distribution with masses ∼220 Da higher than the primary set
of peaks. Each of these corresponds to a drug loaded species
that also contains an MCC linker that has reacted to form an
internal cross-link. The sum of the peak areas (for the drug-
loaded species and the corresponding species with the extra
linker) is used to calculate the percent peak area associated with
each drug-load level.

Identification and Percent Occupancy Determination
of Each Conjugation Site Using LC-MS/MS. Tryptic
peptide map analysis, in conjunction with high-resolution
liquid chromatography-tandem mass spectrometry, was per-
formed on a representative sample of trastuzumab emtansine
(DAR: 3.5) and a sample of unconjugated trastuzumab
(Herceptin) to identify the conjugated lysine sites and calculate
percent occupancy at each available site. Reduction and S-
carboxymethylation of cysteines was performed prior to
digestion with trypsin. Samples containing 1 mg (50 μL) of
trastuzumab emtansine or trastuzumab were diluted to 1 mg/
mL into a pH 8.6 buffer containing 6 M guanidine
hydrochloride, 0.36 M Tris-HCl, and 2 mM EDTA. DTT
(Thermo Scientific) was added to bring the samples to 10 mM,
and the samples were then incubated at 37 °C for 1 h.
Iodoacetic acid (Sigma), freshly prepared in 1.0 M sodium
hydroxide, was then added to a concentration of 42 mM. After
a 20 min incubation at ambient temperature in the dark, the
alkylation was quenched by adding DTT to a final
concentration of 40 mM. The reduced and S-carboxymethy-
lated sample was then exchanged by gel filtration using PD-10
columns (GE Healthcare) into a pH 8.3 buffer containing 25
mM Tris-HCl and 1 mM calcium chloride. Trypsin
(Sequencing grade, Roche) was added to the samples at a
1:40 (w/w) ratio. Digestion was allowed to proceed for 4 h at
37 °C, and then quenched by addition of TFA to bring the
samples to 0.5% TFA (v/v). Digested samples (100 uL,
approximately 50 ug) were analyzed by RP-HPLC on a Zorbax
300SB-C8 column (2.1 × 150 mm, 3.5 μm particle)
equilibrated with 100% solvent A (0.1% TFA in water) using
an Agilent 1200 HPLC system. The column was eluted at a
flow rate of 0.25 mL/min and maintained at 45 °C. Peptides
were resolved with a linear gradient from 0% to 45% solvent B
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(0.09% TFA in acetonitrile) over 225 min. The chromatogram
was developed with a multistep gradient as follows: 0−45%
solvent B in 225 min, 45−95% solvent B in 5 min, equilibration
at 95% solvent B for 5 min, and back to 0% solvent B in 0.1 min
with equilibration at 0% for 14.9 min. Absorbance was
monitored at both 214 and 252 nm and column flow was
directed into the source of an LTQ or a QSTAR Pulsar mass
spectrometer. Data were analyzed using XCalibur 2.0.7, Analyst
QS 1.1 and MASCOT search engine. As seen in Figure 7, each
conjugated peptide elutes as two new peaks because of the two
stereochemical configurations (diastereomers) of the anti-
body−drug linkage through a maleimide. The conjugation
levels at each site were quantified by determining both the drop
in the starting peptide UV peak area (at 214 nm) and the
increase of new drug-containing peptide UV peak areas (252
nm) between trastuzumab and trastuzumab emtansine samples.
Additional Process and Model Robustness Studies. An

additional four samples were analyzed which were not included
in the original model generation and cross-validation data set
for further evaluation of distribution and agreement with the
model. Three of the samples had average DAR values of ∼3.5
and were selected from the process characterization study.
These samples had been produced using different process
parameters to test robustness of the conjugate manufacturing
(shown in Table 2). Next, the process was run under
conditions far removed from their targeted set-points to
produce the fourth and final sample with DAR 2.58 (Table
2). This sample was also analyzed by mass spectrometry and its
distribution was fit to the same model.

■ COMPUTATIONAL METHODS

Screening of Discrete Models for Predicting Drug
Load Distributions. General forms of the Poisson, geometric,
negative binomial, binomial, and hypergeometric equations
were explored as potential models for predicting drug load
distribution from the average DAR. Parameters for each model
were numerically optimized using the iterative Gauss−Newton
algorithm to fit the drug load distributions from the sample set
(containing 16 trastuzumab emtansine samples selected from
the process characterization study with average DAR values
ranging from 3.0 to 4.0), minimizing the total variation
distance. The high and low limits of DAR represented in the set
extend beyond the acceptance criterion of this attribute for use
in the clinic. The models with the best fit were selected for
further analysis.
Cross-Validation. To assess the accuracy of the selected

model, a hold-out cross validation was performed. The test
samples are partitioned into disjoint “training” (13 of the 16
samples) and “test” (using the held-out remaining 3) sets of
data. During each iteration, the model is fit to the “training” set
and then evaluated using the “test” set of data. After all the

possible permutations of “training” set−“test” set pairings were
evaluated (560 combinations), an aggregated error statistic was
generated from the cross-validation procedure.
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