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In this study, a method proposed to predict drugepolymer miscibility from differential scanning calorimetry measurements was subjected to statistical analysis. The method is relatively fast and inexpensive
and has gained popularity as a result of the increasing interest in the formulation of drugs as amorphous
solid dispersions. However, it does not include a standard statistical assessment of the experimental
uncertainty by means of a conﬁdence interval. In addition, it applies a routine mathematical operation
known as “transformation to linearity,” which previously has been shown to be subject to a substantial
bias. The statistical analysis performed in this present study revealed that the mathematical procedure
associated with the method is not only biased, but also too uncertain to predict drugepolymer miscibility
at room temperature. Consequently, the statistical inference based on the mathematical procedure is
problematic and may foster uncritical and misguiding interpretations. From a statistical perspective, the
drugepolymer miscibility prediction should instead be examined by deriving an objective function,
which results in the unbiased, minimum variance properties of the least-square estimator as provided in
this study.
© 2016 American Pharmacists Association®. Published by Elsevier Inc. All rights reserved.
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Introduction
Amorphous drug formulations have gained increasing interest
in both academic and industrial research because of their potential
to overcome the limited and variable bioavailability often associated with poorly water-soluble drugs.1 On its own, the amorphous
drug is thermodynamically unstable and will eventually crystallize,
which will neutralize the beneﬁts. In the amorphous solid dispersion approach, this is counteracted by molecularly incorporating
the amorphous drug in a polymeric matrix.2,3 The thermodynamic
stability of such a formulation can be ensured if the drug is soluble
in the polymer (glass solution). However, at normal storage conditions, the solubility of most drugs in pharmaceutically relevant
polymers is low unless favorable cohesive drugepolymer interactions are formed.4,5 If this is not fulﬁlled, the drug will likely be
supersaturated in the polymer with the risk of crystallizing during
storage.6
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The realization of the full potential of amorphous solid dispersions therefore often relies on the kinetic/physical stability provided by the polymer to prevent crystallization. Polymers are
thought to improve the physical stability by increasing the glass
transition temperature (Tg), thereby reducing the molecular
mobility and thermodynamic driving force for crystallization.7-9
Thus, for a polymer to be an effective crystallization inhibitor, it
needs to have a high Tg and be molecularly miscible with the drug,
which requires intermolecular interactions between the two
components. Generally, stronger interactions will lead to increased
drugepolymer miscibility and thus, physical stability of the amorphous solid dispersion.1,10
For an amorphous polymerepolymer mixture, miscibility is
deﬁned as a stable single-phase system with only one Tg.11 However, as low-molecular-weight drugs are unstable in the amorphous form, the measurable miscibility in the case of amorphous
drugepolymer mixtures is associated with a metastable state from
which the drug does not crystallize within an experimental time
frame. Hence, miscibility is usually only apparent and involves the
kinetics of phase separation and structural relaxation, and may
practically only be predicted from extrapolation and modeling or by
performing long-term stability studies.3
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Nonetheless, from an industrial perspective, it is desirable to
have an accurate prediction of the drug-polymer miscibility
(maximum drug loading) to formulate an amorphous solid
dispersion with sufﬁcient kinetic stability to prevent crystallization
during shelf-life. In order to circumvent the practical and temporal
issues associated with long term stability studies, Lin and Huang12
proposed a method to predict a complete drugepolymer phase
diagram, including the miscibility curve, from experimental differential scanning calorimetry (DSC) data. The method is based on
melting point depression data obtained at elevated temperatures
and extrapolated to room temperature using the FloryeHuggins
expression for the free energy of mixing. In order to perform this
extrapolation, it is assumed that the FloryeHuggins interaction
parameter c is temperature dependent.10,12 In the original work, Lin
and Huang emphasized that the mathematical procedure associated with the method relies heavily on the validity of the underlying assumptions and the precision of the melting point
depression data and therefore, should only be considered as a
rough draft. This statement is underlined by the fact that the
miscibility (or more speciﬁcally the interaction parameter c) prediction is very sensitive to experimental uncertainty.13,14 Consequently, even small variations in the measured melting
temperatures will have great impact on the predicted miscibility
and therefore, a statistical analysis is required to ensure reliability
of the method.
Nevertheless, since the method was introduced, several studies
have used the method without a reﬂection on the requirements to
provide viable predictions of the drugepolymer miscibility.12,15-21
Because of the increasing popularity of the method, we felt obligated to stimulate critical thinking on interpretation of DSC measurements. Therefore, the aim of the current study is to assess the
statistical assumptions of the mathematical procedure associated
with the method proposed by Lin and Huang to predict the
drugepolymer miscibility. The intention is not to cover all assumptions necessary for regression analysis but rather to address
the assumptions, which we believe results in uncertain or even
misleading predictions.

Theoretical Considerations
The physical basis underlying the prediction of drugepolymer
miscibility was proposed by Lin and Huang and is based on the
FloryeHuggins solution theory for polymers22 and a frequently
applied empirical relation for the interaction parameter, c. According to the FloryeHuggins model, the Gibbs free energy of
mixing for a drugepolymer mixture is given by12,15:



1  fdrug 
ln 1  fdrug
DGmix ¼ RT fdrug lnfdrug þ
m


þ c$fdrug $ 1  fdrug
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from melting point depression data by assuming that the melting
enthalpy is temperature independent23:





1
1
R
1 
f
1

f
ln

¼
þ
1

drug
drug
0
mix
DHm
m
Tm
Tm
2 

þ c$ 1  fdrug

(2)

0 is the melting temperature of the pure drug in absence of
where Tm
mix is the melting temperature of the drug in presence of
polymer, Tm
a polymer and DHm is the melting enthalpy of the pure drug. In
order to enable extrapolation to other temperatures, Lin and Huang
assumed that the temperature dependence of c can be described
by:

c¼Aþ

B
mix
Tm

(3)

where A and B are constants and A is referred to as the nonmix is the enthalpic
combinatorial contribution to c and B=Tm
10
contribution. From the physicochemical assumptions in Eqs. 2
and 3, Lin and Huang constructed a complete drugepolymer
phase diagram, including the solubility and miscibility curves. The
drugepolymer miscibility can be derived from the lever rule; when
the composition dependence of the free energy of mixing is convex,
any mixed state has lower free energy than any state the mixtures
could phase separate into.25 The criterion for the boundary between unstable and metastable regions (the spinodal curve) is thus
2
DGmix
given by vvf
¼ 0 and applying this criterion to Eq. 1 yields:
2
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In summary, the mathematical procedure suggested by Lin and
Huang to obtain the complete phase diagram is given by the
following three steps: (i) determine the melting point depression of
drugepolymer physical mixtures of different composition using
DSC and calculate the c values using Eq. 2, (ii) ﬁt the interrelated c,
mix values with Eq. 3 in order to estimate A and B, and (iii)
Tm
extrapolate the ﬁtted empirical c, T relationship in Eq. 4 to predict
the drugepolymer miscibility curve.

Results and Discussion

(1)

where fdrug is the volume fraction of the drug, m is the molar
volume ratio of the polymer to the drug, c is the interaction
parameter, R is the gas constant, and T is the absolute temperature.
In order to apply this expression to measureable thermodynamic
values, the Gibbs free energy of mixing can be related to the melting
point depression of a drugepolymer mixture using DSC.15,23 Crystalline materials melt at a temperature when the chemical potential
of the solid and liquid state are equal. Addition of an impurity such
as an amorphous polymer to the crystal may reduce the chemical
potential of the material in the liquid state, leading to melting point
depression.22,24 Consequently, it is possible to extend Florye
Huggins solution theory to predict the interaction parameter, c,

Demonstration of the Original Method Including Conﬁdence
Assessment
For good measure, the method proposed by Lin and Huang is
initially demonstrated. In order to do this, the data used in the
original work was adapted. The melting point depression measurements, however, were not tabulated and therefore, the data
had to be adapted by graphical inspection. The data basis for the
current study can be found in Tables 1 and 2. As the method did not
include an uncertainty analysis, great emphasis has been put on
assessing the conﬁdence of the prediction. In the mathematical
procedure by Lin and Huang the ﬁrst step (i) involves ﬁnding c by
Eq. 2 from the experimental melting point depression data in
Table 2. Here, Lin and Huang calculated c from the average value of
mix at each composition. This averaging operation will discard
Tm
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Table 1
Physical Properties Adapted From Lin and Huang
Component

Mw (g/mol)

r (g/cm3)

DHm (J/g)

Felodipine
Poly (acrylic acid)

384.26
1800

1.28
1.27

78.5a


a

Data reported in the literature.

some of the variability in the data and in the current case the
consequences there of are severe as will be elaborated later.
The next step in the procedure, step (ii), is to ﬁt the interrelated
c, Tmix
m values with Eq. 3 in order to estimate A and B and enable
extrapolation of c to any temperature. Here, Lin and Huang made
another routine mathematical operation to obtain a simple linear
regression by inverting the 1st-axis before ﬁtting the equation to
mix. This procedure is
the experimental data, given by x ¼ 1=Tm
historically one of the most used mathematical operations in nonlinear regression analysis, referred to as “transformation to linearity,”26 and the drawbacks of this will also be elaborated later.
For now however, we will disregard the consequences of the
two mathematical operations described above and use the
unveriﬁed assumptions of Lin and Huang for statistical inference.
mix from Table 2 with the procedure
Fitting the mean values of Tm
proposed by Lin and Huang, the least-square
estimates obtained
1
estiwere given by c ¼ 18:790 þ 8084Tm . This implies that the
1
mix

mates reported in the original work c ¼ 18:843 þ 8105

T mix
m

were

reproduced with a good approximation in this work, thus validating the values adapted from graphical inspection. In addition to
the least-square estimate the conﬁdence intervals for the coefﬁcients should always be calculated when performing a regression analysis. Consequently, the 95% approximate Wald conﬁdence
interval for the expected response at x0 is27:

q±s
xT0 b

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
1
x0 tðN  P; a=2Þ
xT0 X T X

(5)

b BÞ
b T is the estimate of the parameters,
where b
q ¼ ð A;
T
mix
x0 ¼ ð1; 1=Tm Þ is the level at which the prediction is desired, N is
the number of observations, P ¼ 2 is the number of predictor
qﬃﬃﬃﬃﬃﬃﬃﬃ varSSR is the
iables, X is a N  P matrix of the regressor variables, s ¼ NP
estimate of the sample standard deviation, SSR is the sum of
squared residuals and t(N  P; a/2) is the a/2 quantile in the t
distribution with N  P degrees of freedom. The 95% conﬁdence
intervals for the coefﬁcients were given as A ¼ [34.378, 3.202]
and B ¼ [1611 K, 14,557 K] and the least-square estimate including
the 95% conﬁdence interval as given by Eq. 5 is shown in Figure 1.
In order to predict the miscibility and conﬁdence interval at
other temperatures (e.g. room temperature), Equation 3 needs to be
extrapolated. In this context, it is obvious that the further the
extrapolation is made from the empirical data, the more vulnerable

Table 2
mix ) for Different DrugePolymer Compositions
Melting Point Depression Data (Tm
mix
(fdrug) and the Interrelated Average c Values Adapted from Lin and Huang (Tm
Values are Mean ± SD, n ¼ 2)

fdrug

mix ( C)
Tm

1.00
0.85
0.80
0.75
0.70
0.65
0.60

144.66
143.20
142.79
142.25
141.73
141.43
141.00

±
±
±
±
±
±
±

Average c
0.32
0.40
0.62
0.10
0.64
0.50
0.60

e
0.6241
0.6678
0.6493
0.6589
0.7160
0.7459

mix based on Eq. (2) to estimate A and B
Figure 1. Linear ﬁt of c as a function of 1=Tm
(from mean Tmix
values) as illustrated by Lin et al. including the 95% conﬁdence
m
interval.

the prediction will be. This is evident from Figure 2, where the
inﬂuence of extrapolation on the least-square estimate for c
including the approximate 95% conﬁdence interval is illustrated.
Particularly at temperatures of practical relevance (e.g., 20 C), the
extrapolation resulted in relatively large conﬁdence intervals which
will affect the conﬁdence of the miscibility curve.
To demonstrate this, the ﬁtted empirical c, T relationship was
extrapolated using Eq. 4 to predict the drugepolymer miscibility
curve as shown in Figure 3. It is seen that the large conﬁdence
intervals for the c prediction (shown in Fig. 2) was not directly
translated into a wide conﬁdence interval of the predicted miscibility at 20 C. However, the measurements were subject to some
additional error which was disregarded in the original work as
mentioned previously. Consequently, in order to better reﬂect how
mix inﬂuenced the prediction of a
the standard deviations of Tm
future observation of the miscibility, a Monte Carlo simulation was
conducted as shown Figure 4. The procedure proposed by Lin and
Huang was simulated 1000 times using the mean and standard
mix shown in Table 2. Even though the Monte Carlo
deviations of Tm
simulation of the miscibility curves were seen to cover all possible
values of fdrug, only 453 of the 1000 simulations fell into the
0 ). This means that the inclusion of the
deﬁned space (0 K to Tm
mix measurements resulted in an
inherent uncertainty of the Tm
indeﬁnite prediction interval where only the lower limit of the
95% prediction interval of the miscibility curve could be identiﬁed.
Consequently, the central estimate becomes extremely vague and
does not tell much about the miscibility curve, which could not
have been predicted in advance. This could indicate that the DSC is
not currently at a stage where the melting point can be determined with sufﬁcient precision to predict the drugepolymer
miscibility curve with any statistical signiﬁcance. However, it is
important to emphasize that the legitimacy of this provisional
assessment relies on the assumptions made by Lin and Huang to
be valid.
Assessment of the Underlying Statistical Assumptions
As the underlying statistical assumptions of the procedure have
not yet been assessed, the prediction has limited credibility. In order to make such an assessment, the raw data from Lin and Huang
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B including the 95% conﬁdence intervals as a function of temperature in (left the measurement range and (right) extrapolated to
Figure 2. The least-square estimate of c ¼ A þ T mix
m
20 C. Note that the 1st-axis is now displayed on the normal temperature scale as opposed to Figure 1.

was required. In the original work, the average values from two
replicate experiments were used to ﬁt Eq. 3. Therefore, it was
possible to deduce the values of the raw data from the standard
deviations of the average data. Remarkably, when repeating
the mathematical procedure proposed by Lin and Huang with the
raw data (i.e., without the averaging treatment), the B value becomes negative and
the least-square estimate is given by
1
c ¼ 30:830  12520Tm .
In Figure 5, the difference between ﬁtting to the raw data and
mean values is illustrated. Note that the c prediction is increasingly
mix approaches T 0
sensitive toward experimental uncertainty as Tm
m
as stated previously. At a ﬁrst glance, the discrepancy between the
ﬁt to the raw data and mean values was surprising. There was,
however, nothing erroneous in the ﬁts as can be inspected from
Figure 5 (right), where both the raw data and the mean values are
shown together with the two best ﬁtted lines. This discrepancy is in
fact known to be a result of the routine mathematical operation
“transformation to linearity” as outlined below.
As previously described, the least-square estimator is optimal in
a statistical sense, as it is unbiased and has the lowest variance
(among the group of unbiased estimators). However, the optimality
is based on several assumptions; here, we will only address the
main assumptions that are violated resulting in the bias shown in
Figure 5. The least-square estimate can be found by minimizing a
proper objective function and the implicit objective function used
mix

Figure 3. Drugepolymer miscibility curve for the felodipineePAA system based on
Eq. 4 including the 95% conﬁdence interval.

in the mathematical procedure by Lin and Huang is deﬁned by the
sum-of-square of the residuals of c:

2

 X
mix
cðiÞmeasurement  cðiÞmodel
SSR Tm
ðiÞ; A; B ¼

(6)

all i

where c(i)measurement is the measurement of the interaction
parameter, c(i)model is the model of the interaction parameter, and
mix
SSR ðTm
ðiÞ; A; BÞ are the sum-of-square of the residuals, which is a
function of the parameters A and B, and i is an index variable for the
mix ðiÞ where the measurements were conducted. The
level of Tm
model of the measurement was given by cðiÞmodel ¼ A þ T mixB ðiÞ ;
m

which has two parameters, A and B, and one predictor variable,
mix ðiÞ. By this deﬁnition of the objective function, Lin and Huang
Tm
mix ðiÞ is free of
implicitly assumed that the predictor variable Tm
noise. However, the experimentally measured quantity is the
melting temperature and not c. Therefore, it is the melting temperature, which in the ﬁrst place is subject to experimental noise.
mix ðiÞ
As the value of c(i)measurement associated with each value of Tm
is calculated from the FloryeHuggins equation, it is clear that
c(i)measurement also will be subject to noise. Thus, the variance of the
1 cannot be neglected and the residuals are
predictor variable T mix
m

B
highly correlated and therefore, the regression function c ¼ A þ T mix
m

is no longer deterministic, but stochastic. This means that the

Figure 4. Monte Carlo simulations (453 runs of 1000) of the miscibility curve based on
the data from Table 2 including the standard deviations. The red line indicates 20 C.
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B including the 95% conﬁdence intervals ﬁtted to the raw data and (right) comparison of the ﬁt to the raw data
Figure 5. (Illustration of left) The least-square estimate of c ¼ A þ T mix
m
(black line) and the mean values (red line). The interrelated values (fdrug) are connected by dotted lines.

assumptions of the regression analysis are violated,27 resulting in
biased predictions.
A more productive opportunity is to derive an objective function
which results in the unbiased, minimum variance properties of the
least-square estimator. Consequently, using melting point
depression

SSRðfd ðiÞ; A; BÞ ¼

X

mix
mix
Tm
ðiÞmeasurement  Tm
ðiÞmodel

2

(7)

all i
mix ðiÞmodel can be found by
where the regression function Tm
B into Eq. 2, and
inserting the empirical relation for c ¼ A þ T mix
m
mix
solving for Tm :

mix
Tm
ðiÞmodel

indicates that the mathematical procedure is biased because of the
operation “transformation to linearity.” Consequently, the statistical inference based on the mathematical procedure is problematic
and may foster uncritical and misguiding interpretations. From a
statistical perspective, the potential of DSC measurements to make
miscibility predictions should instead be examined by deriving an
objective function, which results in the unbiased, minimum variance properties of the least-square estimator. However, even
though this objective function will provide more sound miscibility
predictions from a statistical point of view, arguments in favor of
the underlying physical assumptions (e.g., the temperature
dependence of c) needs to be put forward in order to truly believe
in the predictions.


2
B$ 1  fdrug ðiÞ þ DHR m

¼

2

 

1
1  fdrug ðiÞ þ T10
A$ 1  fdrug ðiÞ  ln fdrug ðiÞ  1  m

m

Application of Eq. 8 would result in more sound miscibility
prediction from a statistical point of view. In addition to the statistical assumption discussed above, the physical assumptions for
the model to allow an extrapolation are crucial and in order to truly
believe in the predictions, the underlying physical assumptions
(e.g., the temperature dependence of c) need to be assessed.
However, this is far beyond the scope of this work and will have to
be elaborated in detail in future work.
Conclusions
In this study, a statistical analysis of a method proposed by Lin
and Huang to predict drugepolymer miscibility from melting point
depression measurements was performed. The concerns raised by
Lin and Huang in the original work turned out to be justiﬁed. Using
the mathematical procedure and raw data from Lin and Huang, the
predicted miscibility curve could not be trusted with statistical
conﬁdence. This could indicate that the DSC is not currently at a
stage where the melting point can be determined with sufﬁcient
precision to predict the drugepolymer miscibility. Furthermore, a
comparison of the ﬁt to the mean values and the ﬁt to the raw data
resulted in two qualitative contradictive conclusions, which

DHm
R

(8)
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