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A B S T R A C T

A substantial drug release from poly(lactic-co-glycolic) acid (PLGA) micro- and nanoparticles can occur in the
first hours of immersion, which is referred to as burst release. A strong burst release (when not intentional) is to
be avoided as it decreases the efficacy of the treatment and could be dangerous to the host. In this work we
analyze the total amount of drug released during burst and respective kinetics in relation to formulations
characteristics, experimental conditions and drug molecular properties in 154 drug release experiments with 41
different drugs by partial least squares (PLS) and decision tree regression. The model created enables to quantify
to which degree the physicochemical parameters control the burst release from PLGA particles. Our analysis
shows that the amount of drug released during burst is mostly influenced by the formulation characteristics and
the synthesis parameters, whereas the drug release kinetics is also influenced by the molecular properties of the
drug. The variables that significantly influence the amount and kinetics of the burst release are discussed in
detail and compared with findings from other researchers. The final regression models are shown to predict the
release profile of a new drug, opening the possibility to be applied to systematically manipulate the burst release
by means of designing an optimized drug delivery system.

1. Introduction

A rapid release of drug can occur during the first hours of immersion
of a controlled drug release system (Brazel and Peppas, 1999a; Brazel,
2000; Esmaeili et al., 2008; Frank et al., 2004; Kim et al., 2002; Batycky
et al., 1997; Mao et al., 2007). This burst release is due to the leakage of
the drug located near the particles surface. Also a poorly entrapped
drug easily diffuses out of the carrier during the initial contact with the
biological fluid, giving rise to a strong burst. In a few particular cases it
can be designed as a triggered burst (Mukae et al., 1990), but usually it
is an uncontrolled, undesired phenomenon (see e.g., review of Huang
and Brazel (2001)). An intense burst drug release often leads to a
shorter total drug release time and high initial drug concentrations that
can have deleterious effects on the host. Moreover, the burst release
hinders predictability and reproducibility, which are prerequisites for a
safe controlled drug release system. Although the burst phase is well
documented, no consensus seems to exist on the underlying mechan-
isms, as stated by Huang et al. in a review on the mechanisms of burst
release (Huang and Brazel, 2001).

Modeling of drug release from micro- and nanoparticles based on a
mechanistic or phenomenological interpretation has been addressed in
many previous studies (e.g., Faisant et al., 2002; Klose et al., 2008;
Siepmann and Siepmann, 2008; Siepmann et al., 2002; Siepmann and
Goepferich, 2001; Goepferich, 1996; Cabrera, 2005; Cabrera and Grau,
2007). However, the experimental conditions and drug properties,
which have a significant impact on the controlled release profile, are
only implicitly taken into account by these models. More specifically,
the model parameters that characterize the drug release profile are
identified from data and their values are context dependent implying
that for new drugs and experimental conditions the parameters are per
se unknown. The average carrier radius is typically included in such
models, enabling to study the impact of the carrier size on the drug
release profile. However, the carrier chemical composition (e.g.,
monomers ratio), which has a significant impact in the controlled re-
lease profile, is indirectly represented by the model parameters and
cannot be extrapolated to a different context. Thus these models are
often unfit to predict the effect neither of the carrier chemical compo-
sition, nor of the experimental conditions, formulation characteristics
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or drug chemical properties on the controlled release profile.
Data driven approaches have also been used for controlled drug

release modeling and analysis. These methods can be used to identify
significant correlations between macroscopic kinetic parameters and
physiochemical properties of the carrier and/or drug without a formal
mechanistic interpretation. Matero et al. (2008) divided the cumulative
drug profile into different phases and then applied Partial Least Square
regression (PLS) to each phase individually, using molecular descriptors
as inputs. The final PLS models were however specific to the type of
hydrophobic matrix tablet studied. Szlęk et al. (2013) and Zawbaa et al.
(2016) used the formulation characteristics and time in addition to
physiochemical properties of the drug (molecular descriptors), as inputs
to a number of data-driven approaches (genetic algorithms, artificial
neural networks, random forests, multivariate adaptive regression
splines, etc.) for modeling the cumulative amount of drug released from
Poly(lactic-co-glycolic) acid (PLGA) microparticles. While the drug re-
lease profiles were fairly well modeled, understanding how the for-
mulation characteristics or drug properties impact on the drug release,
i.e., on the amount of drug released or the release kinetics was not
straightforward due to the empirical nature of the models.

In this paper, the main objective is quantify to which degree the
physicochemical parameters control the burst release from PLGA par-
ticles, enabling in a second step a rational design of the carriers for an
optimized initial drug release profile. PLGA micro- and nanoparticles
were chosen due to their widespread use as controlled delivery carriers
(Danhier et al., 2012). PLGA particles are biodegradable and bio-
compatible. The fine-tuning of PLGA particles mechanical properties
and consequent degradation rate is possible. Moreover, PLGA particles
have been approved by the FDA in several PLGA-based drug products
(Wang et al., 2016). A thorough review on modeling of controlled re-
lease from PLGA microparticles can be found in Versypt et al. (2013).
Herein, we focus uniquely on the burst phase. We use the model pro-
posed by Corrigan and Li (2009) and Gallagher and Corrigan (2000) to
calculate the total amount of drug released during burst and respective
first order kinetic constant for 152 release profiles found in literature.
Subsequently, the impact of drug characteristics, carrier characteristics
and synthesis parameters on the amount and kinetics of burst release
are separately studied by empirical regression models. PLS and decision
trees regressions were used for this purpose because both techniques
can be applied to problems where the number of input variables is equal
or higher than the number of independent observations. But foremost
both techniques enable to robustly discriminate the relative importance
of input variables from a large set of input variables (Ghasemi, 2007;
Yan-yan and Ying, 2016; Vladimir Svetnik and Tong et al., 2003).

2. Material and methods

2.1. Data assembly: material properties, drug carrier design and
experimental conditions

The database from Szlęk et al. (2013), was curated and extended
with data from literature. This resulted in a dataset comprising 152 in
vitro controlled release experiments with 41 different active pharma-
ceutical ingredients (hereinafter referred to as “drug” for simplicity)
that have wide therapeutic applications (Table 1) and a total of 74
descriptor variables (Table 2). The dataset comprises i) the cumulative
drug release profiles over time, ii) molecular descriptors of the drug and
iii) formulation characteristics of the drug-carrier synthesis. The mo-
lecular physiochemical properties of the drug are represented by mo-
lecular descriptors (MDs). The ChemAxon plugin from Marvin (v5.2.1
(MarvinSketch, 2016)) was adopted to calculate 114 MDs, 50 of which
were found to contain unique information, i.e., they do not contain
identical values. These 50 MDs comprise physicochemical property
predictors, and structural property descriptors such as simple elemental
analysis descriptors, topological polar surface area or molecular surface
area descriptors (A table with a complete list of the 50 MDs and

formulation characteristics can be found in the supplementary mate-
rial).

The formulation characteristics were extracted from the protocols of
the drug-loaded PLGA particles preparation methods described in lit-
erature (Table 1). The variables of formulation characteristics comprise
i) PLGA chain composition, ii) emulsifier and solvent utilized, iii) spe-
cimens concentrations during drug-carrier synthesis, iv) size of the
carrier and v) the method of synthesis.

2.2. Release profiles extraction

When the cumulative release profiles were not explicitly reported,
the cumulative concentration of drug released on the immersion
medium along time was extracted from the articles via the image re-
cognition software Plotdigitizer (version 2.6.8).

2.3. Modeling of the drug release profile

Several mathematical models have been proposed to describe drug

Table 1
Drug names and source of data utilized in this study.

Drug designation Abbreviation Source

Aclacinomycin ACM (Costa, 2008)
Alpha-1 Antitrypsin α1AT (Nazanin Pirooznia, 2012)
Alpha-Chymotrypsin AChT (Castellanos et al., 2005)
Amoxicilin AMX (Xu and Czernuszka, 2008)
Amphotericin B AmB (Al-Quadeib et al., 2015)
Amyloid beta Aβ1–15 (Puras et al., 2011)
Bovine insulin B-INS (Kawashima et al., 1999)
Bovine serum albumin BSA (Blanco and Alonso, 1998; Mok

and Park, 2008; Buske et al., 2012;
Panyam, 2003)

Camptothecin CPT (Ozeki et al., 2012)
Cisplatin CIS (Avgoustakis et al., 2002)
Clonazepam CLZ (Nah, 1998; Benelli et al., 1998)
Curcumin CUR (Yallapu et al., 2010)
Daunorubicin DAU (Costa, 2008)
Dexamethasone DXM (Hickey et al., 2002)
Doxorubicin DOX (Costa, 2008)
ellagic acid EA (Sonaje et al., 2007)
Epirubicin EPI (Costa, 2008)
Estradiol EST (Makino et al., 2000)
Etoposide ETO (Schaefer and Singh, 2002)
Exenatide (synthetic

exendin-4)
EXE (Xuan et al., 2013)

(5-)Fluorouracil 5-FU (Ocal et al., 2014)
Gamma-chymotrypsin GChT (Castellanos et al., 2003)
Human serum albumin HSA (Corrigan and Li, 2009)
Idarubicin IDA (Costa, 2008)
Indomethacin IND (Corrigan and Li, 2009)
Insulin INS (Han et al., 2009)
Ketoprofen KET (Corrigan and Li, 2009)
L-asparaginase L-ASP (Gasper et al., 1998)
Lysozyme Recombinant

Protein
LZM (Blanco and Alonso, 1998)

Minocycline MIC (Mirakabad et al., 2014)
Methanone CB13 (Costa, 2008; Martin-Banderas

et al., 2012)
Nalmefene NAL (Xie et al., 2015)
Ovalbumin OVA (Corrigan and Li, 2009)
Paclitaxel PTX (Mu and Feng, 2003a, 2002)
Quercetin QCT (Pool et al., 2012)
Recombinant Human

Epidermal Growth
Factor

rhEGF (Kim et al., 2002)

Recombinant human
erythropoietin

rhEPO (Zhou et al., 2012)

Risperidone RIS (D’Souza et al., 2014)
Ropivacaine ROP (Ratajczak-Enselme et al., 2009)
Tumor necrosis factor

receptor
OX40 (Chen et al., 2014)

Vincristine VCR (Ozeki et al., 2012)
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release, as reviewed by Siepmann and Siepmann (2012) and Arifin et al.
(2006). The model by Corrigan and Li (2009) was chosen because it
explicitly accounts for the burst phenomena, instead of incorporating it
in the posterior phase (drug release controlled by diffusion). The first
term of the Corrigan model (Eq. (1)) describes the fractional quantity of
drug released during burst over time assuming it follows first order
release kinetics:

= ⋅ − − ⋅Q F k t(1 exp( ))B,in b (1)

where Q is the total fraction of drug released at a given time t, (a value
between 0 and 1), FB in, is the fraction of drug released during the burst,
kb is a first order rate constant associated with the kinetics of the burst
release. It is considered that no drug is released at the beginning of the
experiment Q(t = 0) = 0). The end time of burst release was de-
termined by calculating the first inflection point of the fitted curve of
the drug release profile, before the lag phase. An error in the de-
termination of the end point might occur when the burst phase has not
yet or already been completed at the determined point. An error in the
determination of the end-point predominantly has an impact on the
estimated total amount of drug released during burst for the particular
profile, i.e., the estimated total amount might be lower or greater than
estimated. Considering all profiles it can be assumed that the error in
the estimated total amount is normally distributed, wherefore the
subsequent statistical analysis should not suffer from a systematic bias.
The parameter values of FB in, and kb were estimated for each of the 152
drug release profiles using the Matlab function “lsqnonlin”, which
employs the Marquardt-Levenberg method for nonlinear least squares
regression. In order to estimate the parameters confidence intervals,
Monte Carlo sampling (100 repetitions) was applied on the experi-
mental data assuming a standard error of 2.5% of the experimental
value.

2.4. Data pre-treatment

The database comprises 78 variables (50 molecular descriptors of
the drugs, 24 formulation variables, the kinetic parameter (kb) and the
fraction of drug released during the burst (FB,in) and the respective
confidence limits) for 152 drug release profiles from PLGA carriers.
These data were pre-treated as follows. The categorical variables were
transformed into binary ones using a “dummy variable” approach (e.g.,
“use of polyvinyl alcohol? yes = 1, no = 0”). The distributions of the kb
and FB,in data were analyzed and transformations were applied (FB,in1/4

and loge(kb)) to achieve approximated normally distributed values. All
data were further pretreated by removing co-linear variables and by
linear auto-scaling. In the case of PLS models, two variables containing
missing values were excluded from the analysis.

2.5. Regression models

Pretreated data of the target output variables FB,in and kb were re-
gressed against the pretreated data of drug molecular descriptors and
formulation characteristics. Firstly, the dataset comprising 152 con-
trolled release experiments were partitioned into a training-validation
subset (132 experiments) and a test subset (20 experiments). For each
of the target output variables, FB,in and kb, separate PLS and decision
tree models were developed as described below

2.5.1. Partial least square (PLS) models
PLS was applied to regress the parameters of the Corrigan model,

FB,in and kb, (outputs, Y) against the molecular descriptors and for-
mulation characteristics (inputs, X), (Eq. (2)),

= +Y X β ε· (2)

where ε represents the residual. In essence PLS maximizes the covar-
iance between the inputs and the outputs by decomposing and corre-
lating the variances in a latent variable space. For a detailed description
see (Wold et al., 2001). The N-way toolbox created by Bro and An-
dersson (Andersson and Bro, 2000) with default settings was used for
the identification of the parameters. The training-validation set was 100
times randomly partitioned into a training (80%) and validation set
(20%). The training set was used to identify the parameter values and
the validation set was used to determine the optimal number of latent
variables (cross-validation), i.e., the number of latent variables for
which the lowest mean squared error (MSE) is obtained. In total 100
PLS models were obtained, one for each partition. The overall output
predictions were aggregated by averaging the output predictions of the
100 PLS models. Confidence limits for the predictions were obtained by
computing the standard deviation of the 100 predictions.

2.5.2. Decision trees
Decision trees were applied as above to regress the Corrigan model

parameters, FB,in and kb, (outputs, Y) against the molecular descriptors
and formulation characteristics (inputs, X). Decision trees are machine-
learning methods that work by repeatedly partitioning the continuous
data (input) in branches and by fitting a prediction model in each
partition (node) to a target value (output). The resulting model can be
visualized as a decision tree, where the hierarchical importance of the
inputs on the outputs becomes graphically visible. Morgan and Sonquist
(Morgan and Sonquist, 1963) proposed a decision trees fitting algo-
rithm to predict a quantitative output named Automatic Interaction
Detection (AID). This algorithm performs stepwise partitions starting
with a single cluster of cases and searches a candidate set of predictor
variables for a way to split the cluster into two clusters. For a detailed
description of this and other frequently adopted regression trees algo-
rithms see (Loh, 2011).The Matlab function “fitrtree” with default set-
tings was used to create binary regression trees, i.e., each cluster of data
arriving in a node is divided into two sub-clusters. Apart from the en-
capsulation efficiency and the initial drug loading, which were removed
during the PLS analysis due to missing values, the same inputs and the
outputs (response) were adopted. The “fitrtree” function works by
partitioning the tree until a quadratic error per node drops below a
predefined tolerance. The decision tree was pruned with 75-fold cross-
validation using 90% of the data for training and 10% for validation,
i.e., an overly large tree was grown on the training data and subse-
quently the branches were removed to improve the MSE performance
for the independent validation data (Bramer, 2017). The reduction of
the size of the tree i) reduces the complexity of the regression tree, ii)
avoids overfitting; and iii) increases the predictive (extrapolation)

Table 2
Description of variables of input for regression models.

Input number Description

1–50 Molecular descriptors of the drug
Calculated using MarvinSketch (MarvinSketch, 2016)

51–74 Formulation characteristics
51 PLGA molecular weight
52 Lactide to glycolide ratio in PLGA
53–55 Type of emulsifier
56–58 Type of solvent
59–60 Emulsifier concentration (%)
61–62 Emulsifier molecular weight
63 Encapsulation efficiency, %
64 Initial drug loading, %
65–67 Mean particle diameter, D
66 D2

67 1/D2

68 Use of PEG, yes/no (y/n)
69 PLGA concentration
70 PLGA to PEG ratio
71 w/o/w, water-in-oil-in-oil method (y/n)
72 s/o/w, solid-in-water-in-water method (y/n)
73 s/o/o, solid-in-oil-in-oil method (y/n)
74 o/w, oil-in-water method (y/n)
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capabilities of the final model (Kijsirikul and Chongkasemwongse,
2001; Hastie et al., 2008).

2.6. Criteria for model performance and input importance

Model performance and input importance criteria were used to as-
sess the performance of the PLS and decision tree regressions. The mean
square error (MSE) is a widely used qualitative measure to evaluate the
fit of the model predictions with the experimental data. Its calculation
is based on the average squared distance between the prediction and
the experimental target values, i.e.:

∑= −
=

MSE
n

y y1 ( )
i

n

prediction i experimental i
1

, ,
2

(3)

where n is the number of observations.
In the case of PLS regression, the relative importance of each vari-

able on each individual response was evaluated by means of the cal-
culation of the PLS model regression coefficient β from Eq. (2) and the
variable importance on projection (VIP). The VIP quantity for each
variable is a weighted sum of squares of the PLS weights (w), taking into
account the amount of explained Y-variance in each dimension. The
“greater than one” rule is generally used as a criterion for variable se-
lection because the average of squared VIP scores is equal to 1. The VIP
value for the j variable is defined as

∑
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=
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(4)

where p is the number of variables, M the optimum number of latent
variables, wmj the weight of the j-th variable for the m-th latent variable
and SSy is the percentage of Y explained by the m-th latent variable
(Galindo-Prieto et al., 2014). The PLS regression coefficients, βj, were
used to determine if a given variable has a positive or negative impact
on the response. A positive or negative value of βj signifies that the
corresponding variable has a positive (+) or negative (−) impact on
the response.

3. Results and discussion

3.1. Burst release modeling − identification of drug release model
parameters

The FB,in and kb values and confidence intervals were estimated for
each of the 152 drug release experiments by fitting the Corrigan model
(Eq. (1)) to the experimental drug release profiles. An illustrative ex-
ample of the Corrigan model fit is shown in Fig. 1 The resulting para-
meter values for the 152 drug release profiles are shown in Fig. 2. It can
be seen that the values of FB,in vary between 0.1 and 0.95, while the
values of kb vary between 0.05 and 50 days−1. Some of the confidence

Fig. 1. Example of cumulative release of ellagic acid from PLGA nano-
particles during burst (Sonaje et al., 2007). Black circles: experimental
data, continuous line, fit with Corrigan model (equation 1).

Fig. 2. Values and standard deviations of FB,in(left) and kb (right) for
different experiments. Blue crosses: training set, red circles: test set, black
vertical lines: standard deviation. (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of
this article.)
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intervals are very broad relatively to the parameter values. Since FB,in
and kb are the target outputs for PLS and decision trees regression, the
experiments with wider confidence intervals (i.e., larger than 15% of
the parameter value) were excluded from the calibration step. These
experiments were rather used for model testing (testing sets − red
lines). It can be seen that the confidence intervals are slightly tighter for
FB,in than for kb in the case of the training data set. For simplicity, the
identified FB,in and kb parameter values will be referred to as “experi-
mental values” in the remaining of the text.

3.2. Regression model quality

3.2.1. Partial least square analysis
An individual bootstrap aggregated PLS model was developed for

each response variable (FB,in and kb) as described above. The obtained
MSEs for the FB,in model are 0.49 and 0.53 for the training and in-
dependent test sets, respectively. In the case of kb, the MSEs are 0.44 an
d 0.73, respectively. The predicted FB,in and kb against their experi-
mental values are shown in Fig. 3. The FB,in model residuals are lower
than those of the kb model. A few outliers can be spotted, particularly
for high values of FB,in and kb. One possible justification for the higher
residuals could be some inherent process nonlinearities that cannot be
captured by PLS regression.

3.2.2. Decision tree analysis
Individual bootstrap aggregated decision tree models were devel-

oped for FB,in and kb. In the case of FB,in, the pruning technique resulted
in a tree with 15 splits. The MSE obtained for the training and test sets
were 0.15 and 0.18, respectively. For kb, the best performing regression
tree had a pruning of 15 splits. The MSE for training and test sets were

0.22 and 0.11, respectively. In Fig. 4 the predicted FB,in and kb are
plotted against the respective experimental values. It can be seen that
modeling errors are significantly lower for decision tree regression for
both FB,in and kb when compared to PLS regressions. Some outliers are
still observed, predominantly for the test set which contains experi-
ments with wider confidence intervals.

3.3. Analysis of the impact factors

In Fig. 5 the impact of input variables on the response variables is
shown for each of the 75 tree models. The frequency of the variables
and their color gradient across the tree models provides an indication of
the importance of the variable for modeling the response variables.
Variables that appeared in more than 60% of the tree models were
analyzed further. Interestingly, this subset of variables is consistent
with the VIP selection based on the PLS regression models as shown in.
Fig. 6

An additional tree graph has been created using all training and
validation data with the optimal prune structure (Figs. 7 and 8). The
order in which the decisions (splits) are made is shown in square
brackets at each node of Figs. 7 and 8. The order of splits is an in-
dication of the importance of a given decision on the prediction of the
responses FB,in and kb.

It seems that the formulation characteristics input variables have a
greater impact on FB,in than the molecular descriptors throughout the
entire cross-validation, namely the PLGA molecular weight, the mole-
cular weight of PVA, the PVA concentration in the outer phase, as well
as the size of the particles (Fig. 5a). Also the encapsulation efficiency
and the initial drug load was found to impact on FB,in. The encapsula-
tion efficiency and initial drug loading were not included in the PLS

Fig. 4. Comparison of predicted and experimental values for deci-
sion tree regression for FB,in (left) and kb (right). Blue squares:
training set, red circles: test set. Standard deviation of predictions
obtained with cross-validation represented by vertical bars. (For
interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

Fig. 3. Predicted versus experimental values for FB,in
(left) and kb (right) obtained with PLS regression. Blue
squares: training set, red circles: test set. Standard de-
viation of predictions obtained with cross-validation
represented by vertical bars. (For interpretation of the
references to colour in this figure legend, the reader is
referred to the web version of this article.)
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analysis since a number of values in this variables were missing, which
would have to be imputed for PLS analysis, but not for decision trees.
The molecular descriptors with a significant impact on the target
variables were the aliphatic atom count, the hyper wiener index and the
Balaban index.

For kb (Fig. 5b) similar conclusions as for FB,in can be taken. The
formulation characteristics have in general a greater impact on the
response kb than the molecular descriptors. The formulation char-
acteristics with a higher impact on kb were the PLGA molecular weight,
PVA concentration on inner phase, the molecular weight of surfactants
(other than PVA), the encapsulation efficiency, the particles size (1/D2),
the PLGA/PEG ratio and the w/o/w synthesis method. The molecular
descriptors with noticeable impact on the kb are the number of oxygen
atoms in the drug, the fused aromatic ring count, the Platt index and the
isoelectric point (pI).

3.4. Discussion of the impact factors

3.4.1. Factors influencing FB,in
3.4.1.1. PLGA polymer molecular weight. The size of the polymer chain
was found to be a variable of importance in both decision tree and PLS
regressions. The PLS model indicates that FB,in decreases for increasing
PLGA chains (negative sign). This result is in agreement with several
authors who reported that particles produced with PLGA with lower
molecular weight exhibit a more accentuated burst (Blanco and Alonso,

1998; Avgoustakis et al., 2002; Makino et al., 2000; Su et al., 2009;
Yang et al., 1999). Mehta et al. (1996) suggested that the faster
solidification rate of polymers with higher molecular weight leads to
high encapsulation efficacy values (as observed by Jeyanthi et al.
(1997)). This in turn implies that particles synthesized with low
molecular weight PLGA will have higher microporosity such that
more inner channels may facilitate the drug located near the particles
surface to escape.

3.4.1.2. PVA molecular weight. According to both the PLS and decision
tree analysis the PVA molecular weight was found to have a significant
impact on the amount of burst. PLS results indicate that an increase of
molecular weight of the surfactant PVA used during particle synthesis
increases the amount of drug released during burst. An increase of PVA
molecular weight results in a decrease of its solubility in water (Lyoo
et al., 2003). Though the influence of the PVA concentration during
particle manufacturing on the drug release has been widely studied
(section below), to the best of our knowledge, the impact of variations
of the PVA molecular weight on the drug release was not yet studied.
Thus, it is not clear whether and what mechanisms are behind the
impact of the molecular weight of this surfactant on the amount of
burst.

3.4.1.3. PVA concentration outer phase. Results from decision tree
indicate that the PVA concentration in the external phase is an

Fig. 5. Importance magnitude of inputs for modeling of (a) FB,in and (b) kb using decision tree regressions, across 75 fold cross-validation iterations.
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important factor for predicting FB,in. Yang et al. (2001) described that
when PVA is used in the outer phase, it protects the emulsion droplets
against coalescence, resulting in smaller particles. However, their
results did not agree with the empirical rule that “drug release is
inversely proportional to the size of the microspheres” (Roy et al.,
1992). Yang et al. provided an explanation for the decrease in burst
release with increasing PVA concentrations despite achieving lower
particles sizes. Increasing the PVA concentration leads to an increase of
the viscosity of the external phase, hindering the amount of drug
available to be released. The same behavior was observed by Yallapu
et al. (2010) who attributed a stabilizer characteristic to the high
concentrations of PVA resulting in a decrease of the burst release.

3.4.1.4. Size of particle (D). Both decision tree and PLS analysis
indicate that the size of the carrier impacts on the amount of drug

released during burst. According to the PLS results, smaller particles
exhibit a higher amount of released drug. This finding is in agreement
with several authors (Su et al., 2009; Mao et al., 2008) who observed a
decrease of the initial drug release with an increase of the particle size.
The size of particles was not flagged in the decision tree analysis.

3.4.1.5. Encapsulation efficiency. According to the decision tree
analysis, the encapsulation efficiency has a significant impact on FB,in.
A review article by Yeo (2004) suggested that any efforts to control the
initial burst are hand in hand with those to increase encapsulation
efficiency (Mehta et al., 1996). Namely the amount of initial burst
depends “on the ability of the polymer matrix to properly encapsulate
the drug, thereby making it unavailable for immediate diffusion” (Yeo,
2004). However, the encapsulation efficiency cannot be tuned
independently from several other formulation parameters. For

Fig. 6. VIP values of PLS regressions inputs for FB,in (top) and kb (bottom). Blue bars correspond to positive βj values, while for negative βj the bars are red. A positive or negative value of
βj signifies that the corresponding variable has a positive (+) or negative (−) impact on the response. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

Fig. 7. Regression tree graph for FB,in obtained with the training set and a maximum number of 15 splits. FB,in values are in percentage (%) and italic. Legend: Cno = number of carbon
atoms in the drug molecule.
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instance, it was shown that the encapsulation efficiency decreases as
drug loading increased (Wong et al., 2001). Also Su et al. (2009)
witnessed a positive correlation between encapsulation efficiency and
the molecular weight of PLGA, the polymer concentration on the oil
phase and with the size of particles.

3.4.1.6. Initial drug loading. The decision tree results indicate that the
drug loading has a significant influence on FB,in. Several authors have
reported a strong influence of the initial drug loading with the intensity
of the initial burst release, though with opposite impacts. Some have
observed an increase in the amount of drug released with an increase of
initial drug loading for hydrophilic drugs in microparticles (Schaefer
and Singh, 2002; Su et al., 2009). A possible explanation is that during
the particle synthesis, high initial drug loadings lead to large amounts
of drug to adhere to the surface of the particle (Batycky et al., 1997),
which is immediately released upon hydration (Brazel and Peppas,
1999b). However, other researchers observed, for a hydrophobic drug
in nanoparticles, that the release rate decreased with an increased drug
loading (Mu and Feng, 2003b; Polakovič et al., 1999). Mu and Feng
(2003b) suggested that an increase in the drug loading leads to more
compact nanoparticles, inhibiting the water penetration into the
polymeric matrix leading to less drug being available for the release.
Conclusions on the impact of initial drug loading on the amount of burst
release should not be drawn stand-alone, hence the importance of a
combined analysis of the impact factors such as decision tree analysis.

3.1.4.7. Aliphatic atom count. The number of atoms in aliphatic groups
was found to have a significant impact on FB,in after decision tree
analysis. Also, the PLS model suggest that the fused aliphatic ring count
as a strong negative impact on FB,in. There is a direct correlation
between the increase in the “amount” of aliphatic parts in a drug and
the drug hydrophobicity, i.e., the more aliphatic the drug, the less
soluble it is in aqueous media. The release of very aliphatic
(hydrophobic) drugs requires large medium volumes, such that the
concentration gradient is high enough to allow drug transport from the
inside of the particle to the medium. For low medium volumes the

thermodynamic balance is reached once a low amount of drug is
released. Also it was observed by Raman et al. (2005) that highly
hydrophobic drugs tend to have a non-uniform distribution within the
carrier, being mainly located in the center of the particle. Such results
in hydrophobic drugs having a slower initial release from PLGA
particles due to lower amount of drug near the particle surface,
readily available for diffusion. In addition, though not linearly, this
MD is related to the size of the drug molecule and affects inversely its
solubility in water. Therefore, it may be inversely correlated with the
amount of burst release as supported by findings of Su et al.. (2009) and
Mao et al. (2008) who observed an increase on the burst intensity with
the decrease of the drug mass.

3.4.1.8. Hyper wiener and Balaban indexes. Both indexes describe the
topology of the drug molecule and they were found to have an impact
on FB,in. They describe “distances” between atoms on a drug molecule.
The hyper Wiener index describes the sum of the shortest distances
between non-hydrogen pairs of atoms. For molecules with identical
number of atoms, the hyper wiener index is greater for more linear
structures (e.g., alkanes) and lower for molecular structures with many
branches and cycles (Sabljic, 1990). The Balaban index describes the
sum of distances between non-hydrogen atoms normalized by a factor,
which depends on the mass of the molecule and the number of rings in
the molecular structure. Sabljic et al. (1990) stated that the Balaban
index increases with the size of the molecule, but, opposite to the hyper
wiener index, the Balaban index increases with the degree of
unsaturation and degree of branching of the molecule. Both MDs are
a measure of the branching of a molecule (Sabljic, 1990). There is no
literature information on the impact of these topological MDs on the
drug release to the best of the authors’ knowledge. For more
information on the calculation of these molecular descriptors see
(MarvinSketch, 2016).

3.4.2. Variables influencing kb
3.4.2.1. PLGA polymer molecular weight. According to the decision tree
results the PLGA molecular weight has an impact on the kinetics of

Fig. 8. Regression tree graph for kb obtained with the training set and a maximum number of 15 splits. kb values are in days−1 and italic. Legend: Ono = number of oxygen atoms in the
drug molecule.
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burst. Makadia et al. (Makadia and Siegel, 2011) stated that PLGA
chains with low molecular weight show an enhanced water permeation
resulting in a faster drug diffusion, which accelerates the degradation of
PLGA resulting in a faster release of drug. Cohen et al. (Cohen et al.,
1991) observed that for large drugs (e.g., protein FITC-BSA) the burst
release from PLGA carriers increases as the molecular weight of PLGA
decreases. At high PLGA molecular weight, the burst release is
negligible due to the relative size of the protein and polymer pores
resulting in a slow mobility. Thus, when PLGA molecular weight is
lower, the proteins are more movable, wherefore they are transported
faster and exhibit an enhanced kb. This characteristic is more prominent
for large drug molecules (Klose et al., 2006).

3.4.2.2. PVA concentration in the inner phase. The decision tree results
indicate that the PVA concentration in the aqueous inner phase impacts
the kinetics of burst. This result is supported by (Yang et al., 2001; Mao
et al., 2008), who observed that a higher concentration of PVA (until a
threshold of 1% w/v) increases the stability of the internal phase,
resulting in more uniform drug distribution concomitantly with slower
initial drug release. Also particles prepared with low PVA
concentrations have bigger inner pores thereby accelerating the drug
release upon immersion. Moreover, the PVA concentration in the
aqueous inner phase is a key factor to influence the particles’ size.
According to several researchers (Yang et al., 2001; Mao et al., 2008;
Sharma et al., 2016), increasing the PVA concentration until a threshold
of 2%, slightly increases the size of the particles and also increases the
drug encapsulation efficiency, both contributing to decrease the burst
release.

3.4.2.3. Surfactant molecular weight (other than PVA). The surfactant
molecular weight was found to be an important variable for the burst
kinetics by the decision trees analysis. Though PVA is the surfactant of
choice for a wide number of micro- and nanoparticle formulations,
other surfactants (e.g., Poloxamer 188, vitamin E TPGS, sodium cholate
and Tween 80) were studied either alone or combined with PVA. These
surfactants were found to impact on the release, by means of e.g.,
increasing the encapsulation efficiency of the particle and by changing
its hydrophobicity and associated degradation rate (Mu and Feng,
2002; Sharma et al., 2016).

3.4.2.4. Encapsulation efficiency. The decision tree analysis indicates
that encapsulation efficiency influences the burst kinetics. The
encapsulation efficiency cannot be independently changed without
changing other factors, namely the synthesis method, the drug
hydrophobicity or the surfactants. Encapsulation efficiency was
shown to decrease with increasing drug loading (Wong et al., 2001).
Also the encapsulation efficiency was reported to augment with i) the
increase of PLGA molecular weight, ii) the increase of PLGA
concentration in the oil phase, and iii) the increase of the carriers
size (Su et al., 2009).

3.4.2.5. Size of the carrier (1/D2). The inverse of the squared diameter
of the particle was found to have an impact on kb by the decision trees
analysis. The incorporation of this variable as well as D2 was part of a
strategy to incorporate a surface-area related measure in the analysis.
The conclusion that an increase in 1/D2 correlates with a faster burst is
in agreement with several researchers (Su et al., 2009; Mao et al., 2008;
Rothstein and Little, 2011) who stated that the larger surface to volume
ratio of smaller particles increases the diffusion of drug released to the
medium and that the drug encapsulated in smaller particles has shorter
pathways to diffuse until the surface, hence having a faster release.

3.4.2.6. PLGA/PEG ratio. The decision tree analysis shows that PLGA/
PEG ratio impacts kb. Likewise, PLS analysis suggests that lower PLGA/
PEG ratios lead to a faster burst. These results are in agreement with
(Avgoustakis et al., 2002; Vega et al., 2012; Kang, 2001; Morita et al.,

2000; Matsumoto et al., 1999). Avgoustakis et al. (Avgoustakis et al.,
2002) observed a correlation between the increase in the proportion of
PEG in the copolymer chains and the amount of degradation of the
PLGA-PEG particles. Hence particles with higher PEG content have a
steepest burst release. Peracchia et al.and Avgoustakis et al.
(Avgoustakis et al., 2002; Peracchia et al., 1998) observed that the
degradation of PLGA-PEG particles was much faster than their PEG free
counterparts. The coupling of hydrophilic PEG enhances the hydration
of the polymer chain and subsequent degradation of the carrier
structure, leading to faster burst release kinetics (up to a 15-fold
increase) (Penco et al., 1996). Also, higher porosity of the PLGA–PEG
particles versus their PLGA counterparts allows for the entrapment of a
larger drug and facilitated subsequent drug release (Chasin, 1990).
However, in vivo studies contradictory results were obtained. For
instance, it was observed by Ito et al. (Ito et al., 2008) and Peracchia
et al. (Peracchia et al., 1997) that the carriers with PEG have a slower
burst release when compared with the PEG-free particles. It should be
noted that in the present study only in vitro experiments are analyzed. It
is also noteworthy to stress that in our study only experiments with PEG
coupled to the PLGA chain were investigated. Thus controlled release
experiments where the PEG is associated with the drug (protein
PEGylation) are not part of our analysis.

3.4.2.7. Synthesis method, w/o/w. The choice of the synthesis method is
highly dependent on the drug and on the desired carrier characteristics.
Still, decision tree analysis identified the w/o/w double emulsion
method as an important factor for the burst kinetics. The w/o/w
method, an emulsifier solvent-evaporation technique, was observed to
produce particles with high number of pores and fissures, which Park
et al. (Park, 1992) and Huang et al. (Huang and Brazel, 2001) point out
as being a reason for faster burst release.

3.4.2.8. Isoelectric point (pI). The pH at which the net charge of a
molecule is neutral is called the isoelectric point, or pI. The decision
tree analysis indicates that pI is an important factor for the kb
prediction. The pI value can affect the solubility of a molecule at a
given pH. Molecules have minimum solubility (increased
hydrophobicity) in aqueous solutions when the pH equals their pI,
which can result in the precipitation of the molecule. The pI along with
the media pH will determine the drug charge and consequently the
solubility of the drug in an aqueous medium (Gelfuso et al., 2011).
Hence, a slower burst release should be expected for an increase of the
drug’s pI, due to an increase in the drug’s hydrophobicity.

3.4.2.9. Platt index. This index was identified to be important for the
prediction of the kb by the decision tree analysis. The Platt index is a
path-based topological molecular descriptor, which is equal to the sum
of degrees of bonding in a drug molecule (MarvinSketch, 2016;
Ciubotariu et al., 2004). For molecules with similar masses, the one
with more unsaturated atoms would have a higher Platt index
(Polakovič et al., 1999). In this way, the Platt index can be seen as a
measure of unsaturation of a molecule. The exact impact mechanisms
on the drug release are not known to the best of our knowledge.

3.4.2.10. Oxygen number of atoms and fused aromatic ring count. The
decision tree model suggests that these MDs have a significant impact
for the prediction of kb. Though not linearly, both MDs are related to the
size of the drug molecule, hence they are inversely correlated with the
kinetics of burst release in agreement with findings by Su et al. (2009)
and Mao et al. (2008) who observed a faster burst for lower drug mass.
Smaller solutes are transported faster than larger molecules (e.g.,
proteins) from the center of the particle through the internal channels
and pores due to a higher diffusion coefficient (Huang and Brazel, 2001;
Feng et al., 2015). However, molecules with highly electronegative
atoms (e.g., oxygen, nitrogen, fluorine) can form hydrogen bonds with
water, thus having an enhanced aqueous solubility. Siegel et al. (Siegel
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et al., 2006) observed a faster initial drug release for drugs with greater
solubility in water.

3.5. Exploiting the decision tree model for drug-carrier design

Given the good agreement between the identified impact factors and
the literature, it seems possible to exploit the model for rational drug-
carrier design. Taking as illustrative example the case of Risperdizone, a
small drug molecule (410.5 Da) used in the test set, the decision trees
shown in Figs. 7 and 8 can be used to predict the amount of drug re-
leased during burst (FB,in) and the burst kinetics (kb). The molecular
descriptors and formulation characteristics are shown in Table 3. Ris-
perdizone has an aliphatic atom count lower than 17, therefore starting
from the “root” of the decision tree (on top of Fig. 7), the left branch of
the decision tree is followed. At the next node a design choice has to be
taken, namely the molecular weight of PVA utilized as surfactant during
particle manufacturing can be chosen. The PVA Mw used in the test
experiment is lower than 22 kDa, therefore the left branch of the tree is
followed. The next design choice concerns the encapsulation efficiency;
once it is lower than 95% then the size of the particles will determine
the amount of drug release during burst, i.e., for particles smaller than
130 nm, the predicted amount of drug release during burst (FB,in) is
about 47%, whereas for particles greater than 130 nm, the FB,in will be
about 71%. The actual predicted value for FB,in utilizing the molecular
descriptors of Risperdizone and the formulation characteristics of the
test experiment (Table 3) is 71% (see Fig. 7), and the experimental
FB,invalue is 63%. The same procedure is followed for the prediction of
the kb. Starting from the root of the decision tree (Fig. 8): the en-
capsulation efficiency 89% is not lower than 14%, therefore the right
branch is followed. The next decision refers to the number of oxygen
atoms in the drug molecule: it is two, lower than three, therefore the
left branch is followed. Finally the inverse of the size of the particle
squared D(1/ )2 is 2 × 10−4 μm−2, lower than 6.5 μm−2, which de-
termines the burst kinetics parameter, kb, of 0.14 day−1, and the ex-
perimental value is 0.15 day−1. As this illustrative example shows,
depending on the drug, different design choices can be made to control
burst. For instance, for small drug molecules, the PVA Mw, the en-
capsulation efficiency and the particle size have an predominant impact
on FB,in whereas for bigger molecules the PVA concentration (outer
phase), the PLGA Mw and the particle size have the dominant effect on
FB,in. Thus the model enables a rational design focusing on the main
factors rather than considering all possible impact factors. Note that
changes in some variables for optimization of FB,in, can also affect kb.
Therefore, the optimization of both properties should be carried out
simultaneously.

4. Conclusions

In this work the impact of the formulation characteristics, the
synthesis parameters and drug molecule descriptors on the amount and
kinetics of burst drug release were analyzed by two distinct regression
methods, namely PLS and decision trees. The prediction capabilities of
both PLS and decision tree models were assessed utilizing an in-
dependent dataset of drug release experiments, which were not used in

the training of the models. The data stem from 152 in vitro controlled
release experiments with 41 different active pharmaceutical ingredients
from PLGA(-PEG) nano- and microparticles. The derived models are
therefore specific for PLGA(-PEG) systems. The predictive power of
decision tree regression is shown to be significantly better than PLS.
More importantly, the discrimination of input factors with a significant
impact on the amount of burst release and respective kinetics by both
methods is largely concordant. Both methods suggest that the amount
of drug released during burst is mostly influenced by the formulation
characteristics and the synthesis parameters, whereas the drug release
kinetics is also influenced by the molecular properties of the drug. The
variables that significantly influence the amount and kinetics of the
release are discussed in detail and in general the results agree with
those of other researchers. Additional impact factors might be found in
the future when adding new experiments to the data set. Results that
could not be corroborated were associated with the molecular de-
scriptors of the drug, which cannot be studied experimentally. Also PVA
molecular weight was found to have a significant influence on the
amount of release yet its impact has not been studied experimentally.
The molecular weight of polymers (PLGA and surfactants) was found to
significantly influence both the amount and kinetics of burst release.
While the mean molecular weights were used in the presented analysis,
it was noticed that the range of molecular weights is relatively wide. In
future it would be useful to either better characterize the polymer
weight distribution (which could then be used in the analysis) or to
reduce the range in molecular weights. Due to the good agreement of
the modeling results with the findings of other researchers as well as the
validation and testing of the model structures, the models developed
here and particularly the decision tree model can be used to design the
carrier for a new drug in a way to minimize the burst release.
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