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Summary 

 
Cascade impactors are used to study the in vitro deposition of aerosol products and are accepted worldwide by 
regulatory bodies, such as the United States Federal Drug Administration, as a means of comparing the 
bioequivalence between products. They are also employed in general research and development activities. The 
method of calculating aerosol parameters from measurements in these apparatus is prone to operator error and 
collection of the drug deposited can be time consuming. The purpose of this study is to determine the feasibility 
of using artificial neural networks (ANN) to predict aerosol deposition using different formulations and device 
characteristics. Published data

1
 was used to train and test the ANN using fine particle fraction (%) as the 

dependent variable. Unscrambler™ was used to minimise the number of descriptors in the input vector, by 
removing fields that did not contribute significantly to explaining the variance in the dataset. The significant 
descriptors were combined to form an input vector that was used to search the predefined ANNs in the 
Neurosolution software™ and to identify the optimum architecture. A multilayer perceptron proved the best 
architecture for this data set by producing high R

2
 value for training (0.99), cross validation (0.99) and test set 

(0.96) and low errors between the desired output and the output generated from the ANN. In conclusion, this pilot 
study showed that ANN is a promising technique, and could be readily applied to large, diverse datasets to 
generate a robust and predictive model capable of predicting a cascade impactor output. 
 
Introduction 
 

Next generation impactors (NGIs) and Andersen cascade impactors (ACIs) are apparatus used extensively to 
analyse the in vitro deposition of therapeutic aerosols. The impactor separates the aerosol into drug mass 

fractions within specific size ranges. Impactor data are used in drug development as a tool to optimise 
formulations, to measure the reproducibility between products as a quality control tool and in regulatory 
processes.  
 
However, this technique can be time consuming and requires trained personnel

2
.  Abbreviated impactors have 

been developed to try and address these shortcomings. Abbreviated impactors have two stages; one fraction 
assigned to fine particles and one for course particles, plus a pre-separator to eliminate any over-sized particles

3
.  

This can help to reduce variability and errors in the collection of drug between impactor stages, but still requires 
operation by trained personnel. Using an ANN would enable existing data to be used to produce a model which 
can accurately and reliably predict the experimental output. ANN would reduce the amount of experimental work 
and safeguard against operational errors. Therefore, ANN can help to reduce analytical and development time

4
. 

 
ANNs have been widely recognised as powerful pattern recognition tools in areas such as forecasting finance

5 

and medical diagnosis
6
. Also, ANNs have been shown to be beneficial when analysing drug delivery in the 

pharmaceutical science area. Recently, ANNs have been used to develop a high throughput method for 
predicting dermal permeability of drug compounds

7
, to estimate the blood serum concentration of a given drug

8
, 

predicting pharmacodynamic effects from pharmacokinetic data
9 

and predicting the 
pharmaceutical characteristics of multiple tablets

10.
   

 

ANNs have been employed to predict drug delivery to the lungs previously. Nazir and colleagues reported the 
use of ANN using input variables of different breathing patterns and particle size to predict the output of aerosol 
particle deposition in the laryngeal, bronchial and alveolar regions of the lung

11
. The same investigators included 

mass median aerodynamic diameter (MMAD) and geometric standard deviation for different inhalation devices 
generated by a cascade impactor as input variables

12
. They produced accurate models which were able to 

predict deposition in the lung, albeit with a limited data set and a small number of input variables. Recently, De 
Matas and colleagues have demonstrated the use of an ANN for in vitro - in vivo correlations of drug delivery to 
the human lungs. ANN was used to predict the bronchodilator response after delivery using different inhalation 
devices at 10 and 20 min

13
, urinary salbutamol excretion at 30 min post inhalation

14
 and metabolite excreted after 

24 h post inhalation
15

. ANN successfully predicted the effect in vivo despite the limited number of subjects used 
in the study.  Although cascade impactor data and ANN have been used to predict in vivo outcomes from in vitro 
data, ANN has not yet been reported as a means of predicting impactor data or the parameters that can be 
derived (MMAD, fine particle fraction, emitted dose). 
 
The aim of this experiment was to investigate the feasibility of using ANNs to predict fine particle fraction as an 
output of an NGI using input variables such as different formulation and device characteristics. 
 



Materials and Methods 
 
Training Set 

The data used for ANN modeling was reported in work by Ho and coworkers
1
, in which the development of dry 

powder formulations of salmeterol xinafoate using various inhalers was investigated.  The study optimised 
formulation and device combinations by changing the particle carrier, the total fines content and device 
resistance.  Data from the next generation impactor (NGI) (Copley Scientific) revealed the addition of fines 
produced large increases in the fine particle fraction (%). In the original work, three different inhalers (Aeroliser®, 
Handihaler® and Rotahaler®) with different resistances were employed for each formulation (Figure 1). All three 
inhalers had different pressure drops. Rotahaler® had an associated pressure drop of 1.5kPa when tested at 
100L/min, the Aeroliser® had a pressure drop of 3.3kPa when tested at 100L/min and the Handihaler® had a 
pressure drop of 6.3kPa when tested at 60L/min. The Aeroliser® produced the best performance for any given 
interactive mixture. Handihaler® was removed from the data set as it biased the results due to the test flow rate 
being 60L/min, whereas the other two devices were tested at 100L/min. 
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1. Figure 1.  The 3 dimensional relationship 
between total fines content, device resistance 
and fine particle fraction calculated from the Next 
Generation Impactor.  Aeroliser® has a device 
resistance of 0.0182 (√Pa min L

-1
) and this is 

where the highest fine particle fractions are 
produced irrespective of the total fines content. 

 

 
Unscrambler™ 

Principal Component Analysis (PCA) is a projection method which can aid visualisation of all the data in the data 
set. PCA can be used to remove the factors from the data set which contribute noise and are not useful when 
predicting the desired output. Also, PCA can aid the understanding of which factors explain the largest variance 
of your data set, can help understand which factors are similar to each other allowing one to be removed and can 
allow the detection of grouping patterns. Overall, PCA can allow you to quantify the total amount of fields which 
provide useful information in the data set when predicting the desired output. 
 
Regression is a term for methods that attempt to fit a model to the observed data, and to then quantify the 
relationship between group variables. This fitted model can then be employed to describe the relationship 
between two group variables or predict new values. Regression models can also be utilised to remove any 
irrelevant data from the data set, leaving only the relevant factors when predicting the output. Partial least square 
regression (PLS) models simultaneously the X and Y matrices to discover the latent variables in X which will help 
to predict the latent variables in Y. Both PCA and PLS were used together to help remove any factors which are 
not providing any relevant information in the data set to predict fine particle fraction.  
 
PCA and PLS were both run with all ten original input variables to allow the original PCA and PLS to be 
compared to other models when factors have been removed. This allowed any changes in total explained 
variance of PC-1 and PC-2 of PCA and the R

2
 value of PLS to be observed. Firstly, the input variable which had 

the lowest variance explained by PC-1 was removed. PCA and PLS was run with the remaining nine input 
variables. If the new model either kept the same amount or an increase in the explained variance of PC-1 and 
PC-2 and the R

2
 value, then the input factor was contributing noise to the model and was left out. However, if the 

input factor caused a decrease in the explained variance of PC-1 and PC-2 and the R
2 
value, then the input factor 

would remain in the model as it is relevant when predicting the output factor. This process was completed until 
only the factors relevant in predicting the desired output remained in the model. The best model produced from 
the PCA and PLS results was then run through Neurosolutions™. 
 
Neurosolutions™ 

The database was divided into a training set (60% of the records); a cross validation set (20% of the records) and 
a testing set (20% of the records). The selection process, deciding which records were in each set, was carried 
out randomly to ensure that there was no bias data selection, which was then viewed using a graphics software 



application (Microsoft Excel, 2010). The validation set and testing set were used to prevent overtraining and over 
fitting of the model. Individually, the testing set allows the predictability of the network to be assessed. An 
exhaustive network search was completed with the input variables from the best model obtained from PCA and 
PLS to allow R

2 
to be compared between the predefined ANNs.  

 
The trained model was employed to predict the validation data for fine particle fraction (%) as a function of the 
specific device and formulation characteristics. Trained model predictability was evaluated using non-linear 
determinant (R

2
) plotted against the respective validation data. The closer the R

2
 value to one indicated the better 

predictability of the network
16

. 
 
Results 
 

From the ten initial input variables the best model produced through the removal of factors, using the PLS and 
PCA methods, had four less input factors than the original to predict the fine particle fraction.  The input variables 
left in the optimum model were total fines content, DV(10), DV(50), span, pressure drop of device and mean drug 
content. The best ANN architecture selected was a multilayer perceptron known as MLP-1-B-M. This network 
was selected as the best for the data set because the errors produced were low (mostly less than 5%) for all the 
training set, cross validation set and test set (Figure 2). Figure 2 also showed the validation plot for the ANN 
predictions for training, cross validation and test set for fine particle fraction. From the eleven records used in the 
testing set, the model provided a good prediction of fine particle fraction (%) shown by the non-linear determinant 
(R

2
) of 0.9594. This showed that the intercept for the training set passes close the origin (intercept = -0.0038) 

with a gradient of 1.0263. Ideally, the intercept would be 0 and the gradient 1. However even with some scatter, 
there was still evidence of a clear linear relationship between the observed and the expected values for fine 
particle fraction (%) therefore showing that there was a clear advantage of using ANN when modelling the NGI 
data. 
 
Figure 2: The errors and the R

2 
value produced for the multilayer perceptron (MLP-1-B-M) for the training set (A), 

cross validation set (B) and test set (C). The fine particle fraction desired is the actual value generated from the 
NGI compared to the fine particle fraction predicted by the selected best artificial neural network. 

 
Training set 

 
Mean Squared Error – 2.300% 
Normalised Mean Squared Error – 0.010% 
Mean Abs Error – 1.133% 
Min Abs Error – 0.044% 
Max Abs Error – 4.091% 
R - 0.995 
 
 
  
 
Cross Validation set 

 
Mean Squared Error – 1.763% 
Normalised Mean Squared Error – 0.009% 
Mean Abs Error – 0.976% 
Min Abs Error – 0.037% 
Max Abs Error – 2.989% 
R - 0.997 
 
 
 
 

 

 

 
Test set 

 
Mean Squared Error – 5.190% 
Normalised Mean Squared Error – 0.052% 
Mean Abs Error – 1.904% 
Min Abs Error – 0.233% 
Max Abs Error – 4.182% 
R - 0.979 
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R² = 0.9898 
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Conclusion 

 
An ANN was identified which has had high R

2 
values and low errors reported between the predicted and 

observed values for fine particle fraction for all the training, cross validation and test set. Therefore, this ANN 
shows it is feasible to link input variables of formulation and device characteristics to fine particle fraction and can 
be useful when examining larger datasets. ANN has been a useful tool to predict the output of cascade impactors 
and could be utilised to help minimise product development time and the need for trained personal. 
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