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ABSTRACT – Purpose. The purpose of this study was to develop an artificial neural network (ANN) model to 
predict drug removal during dialysis based on drug properties and dialysis conditions. Nine antihypertensive 
drugs were chosen as model for this study. Methods. Drugs were dissolved in a physiologic buffer and dialysed 
in vitro in different dialysis conditions (UFRmin/UFRmax, with/without BSA). Samples were taken at regular 
intervals and frozen at -20ºC until analysis. Extraction methods were developed for drugs that were dialysed 
with BSA in the buffer.  Drug concentrations were quantified by high performance liquid chromatography 
(HPLC) or mass spectrometry (LC/MS/MS). Dialysis clearances (CLDs) were calculated using the obtained 
drug concentrations.  An ANOVA with Scheffe’s pairwise adjustments was performed on the collected data in 
order to investigate the impact of drug plasma protein binding and ultrafiltration rate (UFR) on CLD. The 
software Neurosolutions® was used to build ANNs that would be able to predict drug CLD (output). The inputs 
consisted of dialysis UFR and the herein drug properties: molecular weight (MW), logD and plasma protein 
binding. Results. Observed CLDs were very high for the majority of the drugs studied. The addition of BSA in 
the physiologic buffer statistically significantly decreased CLD for carvedilol (p= 0.002) and labetalol 
(p<0.001), but made no significant difference for atenolol (p= 0.100). In contrast, varying UFR does not 
significantly affect CLD (p>0.025). Multiple ANNs were built and compared, the best model was a Jordan and 
Elman network which showed learning stability and good predictive results (MSEtesting = 129). Conclusion. In 
this study, we have developed an ANN-model which is able to predict drug removal during dialysis. Since 
experimental determination of all existing drug CLDs is not realistic, ANNs represent a promising tool for the 
prediction of drug CLD using drug properties and dialysis conditions. 
 
This article is open to POST-PUBLICATION REVIEW. Registered readers (see “For 
Readers”) may comment by clicking on ABSTRACT on the issue’s contents page. 
_______________________________________________________________________ 
 
INTRODUCTION 
 
Hemodialysis techniques are in continuous 
evolution and new drugs are emerging on the 
market every year (1-6). However, dialyzer 
manufacturers are only providing few substance 
removal results in their membrane assessment (ex. 
urea, creatinine, etc.). The preponderance of 
existing data pertains to conventional dialysis 
techniques and may now be obsolete because of the 
wide use of high-permeability dialysis techniques 
(7). It is critical for optimal patient care to update 
our data on drug removal during dialysis. 
Unfortunately, the clinical investigations are costly 
and often impractical because of ethical concerns 
and in vitro experiments are also costly and time 
consuming. Therefore, a method validated to 
predict drug dialyzability would be a stepping stone 
in updating our data on drug removal during 
dialysis. 

An artificial neural network (ANN) is a 
connectionist model composed of non-linear 
computational elements called ‘neurons or axons’ 
arranged in highly interconnected layers with a 
structure that simulates the transfer of information 
through the nervous system (8). By changing the 
transfer functions and the associated parameters, 
this constructed neural network adapts itself to the 
pattern of the input variables and eventually 
generates numbers that iteratively solves to values 
of the designated output variables (9). ANNs are 
used to detect complex patterns within data sets that 
may not be obvious with conventional statistical 
methods. Hence, ANNs have been increasingly  
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utilized as a helpful tool for clinical decision 
making in both diagnosis and treatment (10, 11). 

Existing literature fails to define the precise 
impact of dialysis conditions and drug 
physicochemical properties on their removal during 
dialysis. The general principles are well recognized 
in the literature but the impact of each of the 
potential parameters (molecular weight, molecular 
size, charge, water/lipid solubility and protein 
binding) has not been addressed in detail. The 
challenge is to build mathematical prediction 
models, by understanding what are the most 
important factors affecting drug dialyzability and to 
what extent. The purpose of this study was to 
develop an ANN-based predictive model to predict 
drug removal during dialysis using ultrafiltration 
rate (UFR) and some drug properties (molecular 
weight, logD, plasma protein binding) as inputs for 
the model. 

As a vast majority of end-stage renal disease 
(ESRD) patients suffer from cardiovascular 
diseases (CVD), two frequently prescribed family 
drugs for CVD, β-blockers and angiotensin 
converting enzyme inhibitors (ACE-Inhibitors), 
were chosen as models for this study (12-14).  
 
METHODS 
 
In Vitro dialysis  
The chosen method for the evaluation of drug 
removal in vitro was adapted from the literature 
(15, 16). Drugs were dissolved in 6 or 9 litres of 
Krebs-Henseleit buffer containing 32 g/L of bovine 
serum albumin (BSA) (17). The dose used was 400 
mg for all β-blockers (acebutolol, atenolol, 
labetalol, metoprolol, nadolol) except carvedilol for 
which the dose was 220 mg for cost reasons. For 
ACE-Inhibitors the doses were 100 mg, 5 mg, 5 mg, 
3.8 mg and 4.8 mg for lisinopril, ramipril, 
ramiprilat, enalapril and enalaprilat respectively. 
Ramiprilat and enalaprilat are the active drugs that 
result from the de-esterification of the prodrugs 
ramipril and enalapril in the body. Drug analytical 
standards were purchased from Sigma-Aldrich (St. 
Louis, MO, USA); except ramipril, ramiprilat and 
enalaprilat dihydrate which were purchased from 
Toronto Research Chemicals (North York, ON, 
Canada). BSA was purchased from BioShop 
(Burlington, ON, Canada). The drug reservoir was 
equipped with a constant magnetic stirrer and 
maintained at 37ºC. Polyvinyl chloride tubing, 
identical to that used for patients, connected the 

reservoir to the dialyser and back. The former 
tubing served as the “arterial line”, and the latter 
tubing as the “venous line” providing a closed loop 
system (Figure 1). 

Dialysis was undertaken with a Tina® or 
Aurora® dialyser (Baxter Inc., Mississauga, ON, 
Canada), and a polysulfone Optiflux® F160 NR 
membrane (Fresenius Medical Care North America, 
Lexington, MA, USA). They were set as follows: 
dialysis duration = 180 min, reservoir solution flow 
rate (Qa) = 300 mL/min and dialyzate flow rate (Qd) 
= 500 mL/min. UFR was set to 0,11 L/h or 1 L/h. 
Three-mL samples were collected from both arterial 
and venous line before and at 5, 10, 20, 30, 60, 90, 
120, 150 and 180 minutes. Samples were frozen at -
20ºC until analyzed.   
 
Impact of drug plasma protein binding on CLD 
Three in vitro dialysis sessions with albumin in the 
physiologic buffer have been performed with 
carvedilol, which is highly protein bound (98%), 
labetalol which has a medium protein binding 
(50%) and atenolol, which has a low protein 
binding (6 -16%) (18). In order to assess their CLD, 
a protein extraction method has been developed 
before HPLC analysis. For each of the three drugs 
an ANOVA with Scheffe’s pairwise adjustments 
was used to compare their CLD in the two 
conditions UFmin with and without BSA. 
 
Impact of ultrafiltration rate on CLD 
The effect of UFR on drug CLD was investigated, 
by conducting three in vitro dialysis sessions with 
atenolol, carvedilol and labetalol, starting with a 
volume of 9 L. This volume represents the average 
blood volume of most patients before their dialysis. 
UFR was set at 1 L/h to get a volume of 6 L at the 
end of the 3-hour dialysis session. 
 
Extraction procedure for atenolol 
The liquid-liquid extraction method of Yilmaz et al. 
was adapted (19). One mL of each sample was 
introduced into a glass tube, followed by 10 µL of 
metoprolol tartrate as internal standard at a 
concentration of 10 µg/mL and 200 µL NaOH 1 M. 
Samples were vortex-mixed for 15 s. Seven mL of 
an ethyl acetate and diethyl ether 2:1 (v/v) mixture 
were added to all tubes, which were shaken 
horizontally for 30 min before 10-min 
centrifugation at 1750g.  
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Figure 1. In vitro dialysis set up. 

 
Six mL of the upper organic layer were transferred 
to another set of clean glass tubes and evaporated to 
dryness in a SpeedVac at medium temperature at 
around 40-45°C. Dry residues were dissolved in 1 
mL of distilled water and vortex-mixed for 30 s. 
The reconstituted samples were subjected to a 0.45 
µm nylon syringe filtration (Millex, Fisher, 
Mississauga, ON, Canada) and transferred to high-
performance liquid chromatography (HPLC) vials 
for analysis.  
 
Extraction procedure for labetalol 
One mL of each sample was introduced into a glass 
tube, followed by 10 µL of metoprolol tartrate as 
internal standard at a concentration of 15 µg/mL 
and 200 µL of NaOH 1 M. Samples were vortex-
mixed for 15 s. Seven mL of ethyl acetate were 
added to all tubes, which were shaken horizontally 
for 30 min before 10-min centrifugation at 1750g. 
Six mL of the upper organic layer were transferred 
to another set of clean glass tubes and evaporated to 
dryness in a SpeedVac at medium temperature at 
around 40-45°C. Dry residues were dissolved in 1 
mL of mobile phase and vortex-mixed for 30 s. The 
reconstituted samples were subjected to 0.45 µm 
nylon syringe filtration (Millex, Fisher, 
Mississauga, ON, Canada) and transferred to high-
performance liquid chromatography (HPLC) vials 
for analysis.  

Extraction procedure for carvedilol  
The liquid-liquid extraction method of Borges et al 
was adapted (20). One mL of each sample was 
introduced into a glass tube, followed by 15 µL of 
metoprolol tartrate (Sigma-Aldrich) as internal 
standard at a concentration of 15 µg/mL of and 200 
µL of NaHCO3 0.5 M. Samples were vortex-mixed 
for approximately 10 s. Ten mL of diethyl-ether 
were added to all tubes, which were shaken 
horizontally 30 min and then frozen for another 30 
min at -80 ºC. The upper organic phase was 
transferred to another set of clean glass tubes and 
evaporated to dryness in a SpeedVac at medium 
temperature at around 40-45°C. Dry residues were 
dissolved in 1 mL of mobile phase, vortex-mixed 
for 10 s and sonicated for 10 min. The reconstituted 
samples were subjected to 0.45 µm nylon syringe 
filtration (Millex, Fisher, Mississauga, ON, Canada) 
and transferred to high-performance liquid 
chromatography (HPLC) vials for analysis.  
 
Extraction procedure for enalapril, ramipril and 
their active metabolites  
A liquid-liquid extraction was performed by adding 
0.5 mL of formic acid 2% to each 0.05 mL sample 
in order to achieve maximal ionization of the 
molecules. Then, samples were spiked with 0.1 mL 
of internal standards at a concentration of 0.5 
µg/mL, ramipril and ramiprilat were used as 
internal standards for enalapril-enalaprilat analysis 
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and vice versa. Seven mL of ethyl acetate were 
added to all tubes, which were mechanically shaked 
for 10 min before 10-min centrifugation at 1888g. 
Six mL of the upper organic layer were transferred 
to another set of clean glass tubes and evaporated to 
dryness under nitrogen stream for 20 min at 40°C. 
Dry residues were dissolved in 0.2 mL of a mixture 
of acetonitrile, methanol and 0.05% formic acid 
1:1:8 (v/v/v). A 5-µL aliquot of the solution was 
injected onto the LC/MS/MS system for analysis. 
 
Chromatographic analysis with HPLC-UV  
All drug concentrations were quantified by HPLC 
with ultraviolet (UV) detection, except for enalapril, 
ramipril and their active metabolites which were 
analyzed with mass spectrometry (see below). The 
HPLC system used was a Shimadzu Prominence 
UFLC chromatographic system (Shimadzu 
Corporation, Tokyo, Japan) with a Phenomenex 
column (HyperClone 5 µm BDS C8 130A 150 x 
4.60 mm 5 microns, Torrance, CA, USA). The 
different mobile phases were pumped at a flow rate 
of 1 mL/min and consisted of various proportions of 
phosphate buffer and methanol, as illustrated in 
Table 1. 

The chromatographic analysis for atenolol and 
metoprolol (used as internal standard in the 
extraction procedure) was performed 
nonstereopecifically with an HPLC gradient elution 
method. The mobile phase consisted of A (methanol 
with 0.1% trifluoroacetic acid) and B (water with 
0.1% trifluoroacetic acid). Gradient conditions 
were: initial 0-10 min linear change from A-B 
(15:85 v/v) to A-B (60:40 v/v), 10-11 min linear 

change from A-B (60:40 v/v) to A-B (15:85 v/v), 
and 11-13 min isocratic elution A-B (15:85 v/v). 
The mobile phase was pumped at a flow rate of 1 
mL/min. Injection volume was 20 μL. Detector 
wave length was set at 223 nm and oven 
temperature at 30ºC.  

 
Chromatographic and mass spectrometry 
(LC/MS/MS) analysis of enalapril, ramipril and 
their active metabolites  
An API 2000TM triple quadrupole mass 
spectrometer (Applied Biosystems-SCIEX, 
Concord, ON, Canada) equipped with a Turbo 
IonSpray source and an 1100 Series HPLC system 
(Agilent, Mississauga, ON, Canada) were used for 
LC/MS/MS analyses. Chromatography was 
performed on a C8 column (5 µm, 50 x 2.1 mm, 
Intertsil, Torrance, CA, USA). The mobile phase 
consisted of an acetonitrile, methanol and 0.1% 
formic acid, 4:4:5 (v/v/v) mixture. The mobile 
phase was pumped at a flow rate of 0.21 mL/min 
through the column which was maintained at 55°C. 
The mass spectrometer was operated in the positive 
ion detection mode with nitrogen as the nebulising, 
turbo spray and curtain gas with the optimum value 
set at 60 psi. The turbo-gas temperature was set at 
450ºC and electrospray ionisation (ESI) needle 
voltage was adjusted to 5400 V. Quantitation was 
performed using multiple reaction monitoring 
(MRM) of the transitions of m/z 377.20 → m/z 
234.10 for enalapril, m/z 349.20 → m/z 206.10 for 
enalaprilat, m/z 417.20 → m/z 234.10 for ramipril 
and m/z 389.10 → m/z 206.00 for ramiprilat. 

 
 
 
Table 1. Chromatographic conditions 

Drugs 
Mobile phase composition 

Oven Tº Detector wave length 
Methanol KH2PO4 10 mM 

Atenolol 20 % 80 % 30ºC 275 nm 
Labetalol 50 % 50 % 30ºC 303 nm 
Metoprolol 30 % 70 % 35ºC 275 nm 
Carvedilol 50 % 50 % 35ºC 242 nm 
Nadolol 30 % 70 % (buffer pH adjusted to 2,8 

with phosphoric acid) 
25ºC 270 nm 

Acebutolol 35 % 65 % 30ºC 225 nm 
Lisinopril  20 % 80 % (buffer pH adjusted to 2,5 

with phosphoric acid) 
40°C 212 nm 
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DATA ANALYSES 
 
Drug concentrations were quantified by plotting the 
area obtained for each sample against a calibration 
curve. Correlations between peak areas and drug 
concentrations were linear for the full range of 
calibration curve concentrations. The correlation 
coefficients were superior to 0.98 for all calibration 
curves (r2 > 0.98). Coefficients of variation for 
quality controls were less than 15 % for all drugs, 
except for carvedilol in one experiment where the 
coefficient of variation was inferior to 20% for the 
small quality controls (QCs).  
Drug clearance during dialysis was calculated as 
follows:  
 

CLD = [(Qa × Ca) − (Qv × Cv)]/ Ca       (1) 
 
where Qa was the arterial blood flow rate, Ca was 
drug concentration in the arterial line, Qv was the 
difference between Qa and UFR, and Cv was drug 
concentration in the venous line (21). CLD was 
calculated at each sampling time. A Trapeze area 
integration method was employed to compute 
average CLD in the dialysis sessions. 
 
STATISTICAL ANALYSIS 
 
Data are expressed as mean ± SD. The significance 
of differences among groups was tested using 
analysis of variance (ANOVA). Scheffe method 
was used for pairwise multiple comparisons. The 
level of significance was set at 5%. All the 
statistical analyses were done on Stata statistical 
software (Intercooled version 8.2, StataCorp, 
College Station, TX, USA). 
 
Artificial neural networks 
All ANNs were built using Neurosolutions® 6. The 
networks discussed in this study are described in 
Neurosolutions® as follows: 
 
Multilayer Perception (MLP): the most widely used 
neural network either for classification or regression 
problems. 
 
Generalized Feedforward MLP: MLP plus 
additional layer-to-layer forward connections. It 
shows additional computing power over standard 
MLP. 
 

Jordan and Elman: MLP with non-adaptable 
recurrent feedback. It adds fixed memory to the 
MLP for simple temporal problems with fixed 
temporal dependencies.  

The verification and validation process that was 
undertaken to choose the best model was the 
following: we applied our data (drug properties and 
experimental dialysis clearance results) to different 
models already built in the software. Among all 
models tested, we chose to report in our article what 
we found to be the best 3 models. The best models 
are those that can successfully predict the dialysis 
clearance of drugs included in the testing set. These 
latter drugs were not used to train the model. 
Finally, the model that shows the highest 
correlation factor (r2) and the lowest mean square 
error is chosen as the best model among all the 
models tested. 

Data used to build ANNs were divided as 
inputs and outputs. In this study, the outputs 
consisted of CLDs of nine antihypertensive drugs 
obtained with in vitro experiments in different 
conditions (UFRmin/UFRmax and with/without 
BSA). The inputs consisted of dialysis UFR and 
some drug properties: molecular weight (MW), 
logD and plasma protein binding. Data were 
divided into three sets: training, cross-validation 
(CV) and testing set (Table 4). The training set must 
be representative of the data and large enough to 
allow building a good network that will be able to 
generalize on new data. As described in 
Neurosolutions®: periodically, during training on 
training data set, the network is tested for 
performance on the CV set. If the network is 
starting to over train on the training data (i.e. 
memorize the data), the CV performance will begin 
to degrade. Thus, the CV data set is used to 
determine when the network has been trained as 
well as possible without “overtraining” (i.e. 
maximum generalization). When varying the 
network parameters, the best network weights are 
automatically saved during training and will be 
loaded into the network before the testing process is 
run. Finally, the testing set consists of a set of data 
excluded from the training process in order to test 
the generalizing ability of the network on new data. 

Neurosolutions® allows for choosing and 
varying several parameters in the networks. The 
main parameters that were varied when building the 
networks were: number of hidden layers, number of 
processing elements (axons) in each layer, type of 
transfer axon (Tanhaxon, bias axon, etc.) and 
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mathematical functions (momentum/Levenberg 
Marquat, etc.). The training iterations were always 
set at 10 runs with 10000 epochs for each run, 
enabling the termination option when the CV 
performance do not improve after multiple epochs. 

The three best ANN models were selected for 
comparison: Multilayer Perception (MLP), 
Generalized Feedforward MLP (GFF) and Jordan-
Elman. The selection of these models was based on 
their description on Neurosolutions®  and the 
resulting Mean Square Error (MSE) after their 
training. The MSE is defined as: 

 

MSE = 
 

N

VV predact 
        (2) 

 
Errors are squared to penalize the larger errors and 
to cancel the effect of the positive and negative 
values of the differences (22). r2 was useful in 
assessing the performance of the training sets but 
not for the CV and testing sets because they 
contained only two exemplars each. 

In order to evaluate the learning stability of the 
network models selected, new networks were built 
thrice using exactly the same parameters.  

RESULTS  
 
An ANOVA with Scheffe’s pairwise adjustments 
was performed on the collected data in order to 
investigate the impact of drug plasma protein 
binding and ultrafiltration rate (UFR) on dialysis 
clearance (CLD). The results are showed in Figure 
2 and in Tables 2 and 3. 

It was found that the addition of BSA in the 
physiologic buffer statistically significantly 
decreased CLD for carvedilol (p= 0.002) and 
labetalol (p<0.001), but made no significant 
difference for atenolol (p= 0.100) (Table 2). A two-
group t-test method was also used for the above 
mentioned comparison and the results were 
concordant with the Scheffe’ adjusted method (t-
test results not shown). 

An ANOVA with Scheffe’s pairwise 
adjustments was used to compare drug CLD 
between the two conditions UFRmin = 0.11 L/h and 
UFR= 1L/h. It showed that UFR does not 
significantly affect CLD (Table 3). A two-group t-
test method was also used for the above mentioned 
comparison and the results were concordant with 
the Scheffe’ adjusted method (t-test results not 
shown). Data used to build the ANNs were obtained 
in vitro and are shown in Table 4.
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Figure 2. In Vitro dialysis clearances (Mean ± SD, n=3) of carvedilol (99% protein bound), labetalol (50% bound) and 
atenolol (6-16% bound) in different conditions: 

1. UFmin: minimal ultrafiltration rate (0.10 – 0.11 L/h) without bovine serum albumin (BSA) 
2. UF = 1 L/h without BSA  
3. UFmin and with BSA in the physiologic buffer 
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Table 2. Comparison of atenolol, labetalol and carvedilol dialysis clearances (Mean ± SD, n=3) in two conditions: minimal 
ultrafiltration rate (UFmin = 0.11 L/h) with and without bovine serum albumin (BSA) in the buffer. 
 Atenolol  

(10% prot. bound) 
Labetalol  
(50% prot. bound) 

Carvedilol  
(98% prot. Bound) 

CLD (mL/min) 
UFmin 
without BSA 

183 ± 11  182 ± 5  156 ± 36  

UFmin  
with BSA 

198 ± 4  104 ± 10  48 ± 7  

P-Value*   0,100 <0,001  0,002 
*Scheffe’ adjusted method; significant if p-value <0,025 

 
Table 3. Comparison of atenolol, labetalol and carvedilol dialysis clearance (Mean ± SD, n=3) in the two conditions: 
minimal ultrafiltration rate (UFmin) and Ultrafiltration rate = 1 L/h. 

 Atenolol Labetalol Carvedilol 
CLD (mL/min) 

UFmin = 0.11 L/h 183 ± 11 182 ± 5  156 ± 36  
UF = 1L/h 203 ± 3 170 ± 3  156 ± 4  
P-Value* 0,033 0,195 1,000 

* Scheffe’ adjusted method; significant p-value if <0,025 

 
 
Table 4. Drug properties and dialysis conditions used as inputs to build the artificial neural networks, and experimental 
drug dialysis clearances considered as outputs. 
Drugs  MW 

(g/mol) (23)  
logD* (24)  Protein 

Binding (%) 
Ultrafiltration  
rate (L/h) 

CLD 
(mL/min) 

Sets 

Enalapril/BSA** 376.45 -1.21 (25)  60 (26)  0.11 145 

Training  

Enalaprilat/BSA  348.4 -4.85  60 (26)  0.11 174 
Ramipril/BSA  416.51 -0.33 (25)  73 (27)  0.11 45 
Ramiprilat/BSA  388.46 (28)  -2.22 (25)  56 (27)  0.11 138 
Lisinopril 405.49 1.01 (25)  0 (26)  1 197 
Atenolol  266.34 -1.57 (23)  0 0.11 183 
Atenolol/BSA 266.34 -1.57 (23)  3 (26)  0.11 198 
Atenolol 266.34 -1.57 (23)  0 1 203 
Labetalol  328.41 -0.17 0 0.11 182 
Labetalol/BSA 328.41 -0.17 50 (26)  0.11 104 
Labetalol 328.41 -0.17 0 1 170 
Carvedilol  406.47 2.89 0 0.11 156 
Carvedilol/BSA 406.47 2.89 95 (26)  0.11 48 
Carvedilol 406.47 2.89 0 1 156 
Acebutolol  336.43 -0.88 0 0.11 192 Cross- 

Validation Metoprolol  267.36 0.61 0 0.11 191 
Nadolol  309.40 -0.63 0 0.11 208 

Testing 
Lisinopril  405.49 1.01 0 (26)  0.11 190 
* logD = logP – log (1 + 10 pKa – pH)  
** BSA: with Bovine Serum Albumin in the buffer 

 

Three ANN models were selected for 
comparison: Multilayer Perception (MLP), 
Generalized Feed forward MLP (GFF) and Jordan 
and Elman. The results for each model are shown in 
Figure 3 and Table 5. Since the Jordan and Elman 
network showed the highest r2 and the lowest MSE, 

coupled with a learning stability, it was considered 
as the best network model. Although showing a 
learning stability, the relative importance of inputs 
was different each time this model was re-built. 
Figure 4 shows the best relative importance of 
inputs, see discussion for details. 
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Figure 3. Experimental and predicted drug dialysis clearances (CLD) for the 14 exemplars (drugs) of the training sets with 
three artificial neural network models: Multilayer perception (MLP), Generalized Feedforward (GFF) and Jordan-Elman.  
 
 
Table 5. Artificial neural network models performance on drug dialysis clearance (CLD) prediction and comparison with 
the experimental CLD obtained in vitro. 

 Training Set 
Cross-
validation 
Set 

Testing  Set 

 MSE r2 MSE MSE 
 CLD exp. 
(mL/min)  

CLD pred. 
(mL/min)  

MLP 204 0.92 0.14 148 208 191 
    190 185 

GFF 323 0.86 0.20 282 208 193 
    190 172 

Jordan-
Elman 

21 0.99 0.33 129 208 192 
    190 193 

 
 
DISCUSSION  
 
First and foremost, it should be noted that the in 
vitro model used in this study was validated with in 
vivo results obtained in a previous study 
(manuscript accepted herein). Observed CLDs were 
very high for the majority of the drugs studied 
(Table 4). These drugs were almost entirely 
eliminated from the buffer before the end of the 3-
hour dialysis session. Prior to build the ANNs, a 
good understanding of the data is required. 

Therefore, the impact of drug plasma protein 
binding and UFR on CLD was investigated.  
 
Impact of drug plasma protein binding on CLD 
The fact that adding BSA to the buffer made no 
difference for atenolol CLD could be explained by 
its very low protein binding. Indeed, Figure 2 shows 
clearly the impact of drug protein binding on their 
CLD: in the experiments without BSA, the three 
drugs CLD are very close, while in the experiments 
with BSA, CLD decrease markedly as a measure to  
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Figure 4. Sensitivity about the mean (with the best network “Jordan-Elman”). As described in Neurosolutions®: this testing 
process provides a measure of the relative importance among the inputs of the neural model and illustrates how the model 
output varies in response to variation of an input. By default the first input is varied between its mean +/- a user-defined 
number of standard deviations while all other inputs are fixed at their respective means. The network output is computed 
for a user-defined number of steps above and below the mean. This process is repeated for each input.  
 
 
the increase of drug protein binding percentage. 
Furthermore, carvedilol, labetalol and atenolol CLD 
were significantly different, when compared in the 
same condition “UFmin with BSA”, using an 
ANOVA with Scheffe’s pairwise adjustments (all 3 
pairwise Scheffe’s adjusted p-values were < 0.001). 
 
ANN Modeling 
Among all drug physicochemical properties, MW 
and logD were chosen as inputs for ANN modeling 
because of their effect on drug dialyzability. In fact, 
it is well known that the heavier the molecule, the 
slower it diffuses in water (Fick’s first law). Hence, 
the importance of MW in dialysis is directly related 
to the diffusion coefficient in water. logD is a good 
indicator of the drug behaviour in dialysis process, 
since it reflects the medium pH and the drug logP 
and pKa: 
 

logD = logP – log(1 + 10pKa - pH)             (3) 
 
pKa and pH together reflect the drug degree of 
ionization. This has an impact on the interaction 
between the drug and the dialyzer filter membrane. 
logP is strongly related to plasma protein binding. 

Indeed, it is well shown in Table 6 that the higher 
the logP the stronger is the drug plasma protein 
binding, which means that the hydrophobe drugs 
have a stronger plasma protein binding. Water 
solubility was not considered as input because the 
experiments were carried out at very low drug 
concentrations (very far from saturation).  
 
Table 6. Drug logP and plasma protein binding.  

 logP (18)  Plasma Protein 
Binding (%) 

Atenolol  0.5 6-16 
Labetalol  2.7 50 
Carvedilol  3.8 98 

 
 

According to Figure 4 plasma protein binding is 
the most important input. However, logD is 
strongly linked to plasma protein binding, as 
explained previously with logP. Furthermore, some 
drugs were dialyzed in vitro with and without BSA 
in the buffer, which emphasizes the effet of plasma 
protein binding on CLD. Therefore, the importance 
of logD might be underestimated with this 
experimental protocol. 
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Relative importance of inputs 
Each of the four Jordan and Elman networks built 
with the default parameters have put different 
weights on the inputs. It was assessed previously 
with the Scheffe’s method that UFR has not a 
statistically significant impact on CLD. Therefore, 
the network that has put the least weight on UFR 
during its training was considered as the best 
network. Its performance is shown in Figure 3 and 
Table 5 and its relative input weights are shown in 
Figure 4. 

In the future, it would be valuable to include 
low dialysability drugs in the training set and in the 
testing set in order to verify if the model can be 
generalized to drugs that are even more 
heterogeneous. 

In this study, we have developed an artificial 
neural network model which is able to predict drug 
removal during dialysis. It is a “Jordan and Elman” 
network which was built using the default 
parameters in the software and has put the least 
weight on the UFR input. Since experimental 
determination of all existing drug CLDs is not 
realistic, artificial neural networks represent a 
promising tool for the prediction of drug CLD using 
drug properties and dialysis conditions. 
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