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Abstract—This communication proposes the use of neural net- (TDM) and guidelines, and the emerging role of CyA-based

works for individualizing the dosage of cyclosporine A (CyA) in  combined therapies have resulted in a substantial improvement
patients who have undergone kidney transplantation. Since the in clinical outcomes in renal transplant recipients [1].
dosing of CyA usually requires intensive therapeutic drug moni-
toring, the accurate prediction of CyA blood concentrations would CyA is generally considered a critical dose drug. Its nar-
decrease the monitoring frequency and thus improve clinical out- .\, therapeutical range is an important issue in the clinical

comes. Thirty-two patients and different factors were studied to . .
obtain the models management of transplant patients, whereas underdosing may

Three kinds of networks (multilayer perceptron, FIR network, ~ result in graft |05$ a}n(.j 0Vefd05in9 causes kidpey G!amage, in-
Elman recurrent network) and the formation of neural-network  creases opportunistic infections, systolic and diastolic pressure,
ensembles are used in a scheme of two chained models where theind cholesterol. The relationship between pharmacokinetics
blood concentration predicted by the first model constitutes anin- 54 safety has been studied and provides the basis for the gener-

ut to the dosage prediction model. This approach is designed . L.
Fo aid in the pr(?cegs of clinical decision maﬁielg. The FIR %et- ally accepted therapeutic drug monitoring. Moreover, the phar-

work, yielding root-mean-square errors (RMSE) of 52.80 ng/mL macokinetic behavior of CyA presents a substantial inter- and
and mean errors (ME) of 0.18 ng/mL in validation (10 patients) intra-individual variability [2]. Several factors such as clinical
showed the best blood concentration predictions and a committee drug interactions and patient compliance can also significantly

of trained networks improved the results (RMSE = 46.97 ng/mL, aiter blood concentrations of CVA [2]. [3]. The pharmacoki-
ME=0.091 ng/mL). The Elman network was the selected model yA 2], [3] P

for dosage prediction (RMSE=0.27 mg/Kg/d, ME=0.07 mg/Kg/d). _netlc yarlab|I|ty pf cyclosporine appears to _be particularly ev-
However, in both cases, no statistical differences on the accuracy ident in the earlier post-transplantation period (less than three
of neural methods were found. The models’ robustness is also an- months), when the risk and clinical consequences of acute re-
alyzed by evaluating their performance when noise is introduced jection are higher than in stable renal patients (six months or
at input nodes, and it results in a helpful test for models’ selection. more). For this reason, a more intensive strategy of TDM is

We conclude that neural networks can be used to predict both necessary during the earlv post-transplantation period [4
dose and blood concentrations of cyclosporine in steady state. This y 9 yp P P [4].

novel approach has produced accurate and validated models to be

LT TS Since the trough blood concentration has traditionally been
used as decision-aid tools.

o o o used to monitor CyA therapy, improved mathematical models
_Index Terms— Clinical pharmacokinetics, drug monitoring, which are capable of predicting the next trough concentration of
kldr_ley tran_sp_lantatlon, blood concentration, cyclosporine, time CyA and then determining the optimal dosage become neces-

series prediction, neural networks. .
sary. Several studies have been done on the CyA blood concen-
tration prediction but only one, to our knowledge, uses state-of-
I. INTRODUCTION the-art neural networks [5]. Limitations such as non-uniform

T present, despite progress with newer agents ampling during routine clinical data collection, the presence
closporine A (CyA) is still the cornerstone of immuno- f non-stationary pharmacokinetic processes and the high vari-

suppression in renal transplant recipients and its use conﬁli)-'“ty in the CyA blood concentration time series, led us to

ues to expand globally. Although CyA has been used adise artificial neural networks (ANN). In a neural approach it is

primary immunosuppressive agent for nearly 20 years, signi‘ﬁgt strictly necessary to assume a specific relationship between

cant advances in dose formulation, therapeutic drug monitorigfiacles and they have proven to be effective techniques in a
wide range of applications. Few attempts have been made to
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I[l. MATERIAL B. Blood sampling and CyA assay
A. Patients and data collection Steady state blood samples were taken just before drug ad-

Thirty-two renal allograft recipients treated in the Dr. pghinistration (prec_jgse situation). CyA trough levels were mea-
set University Hospital in the city of Vahcia (Spain) were sured by a specific monoclo_na! quorescgnce polar|zat|qn im-
included in this study. The patients received a standard iffunoassay (Abbott, TDx), with inter- and intra-assay variation
munosuppressive regimen with a microemulsion lipidic formEo€fficients of less than 7.5% [9].

lation of CyA (Sandimmun Neo@), mycophenolate mofetil
(2 g/d) and prednisone (0.5-1 mg/kg/d). Patients who received I1l. M ETHODS
metabolic inducers or inhibitors were excluded because tha&y Experimental setup

modify the pharmacokinetic profile of CyA. The initial oral - Thg predictions are carried out using two models in a chained
dose of CyA (5 mg/kg b.i.d) was reduced according to the Me&eme: the predicted blood level of cyclosporine atidayl,
sured CyA blood concentration and the desired target range; + 1) constitutes an input to the dosage prediction model,
(150-300 ng/mL) [8]. _ as illustrated in Fig. 2. This graph represents an approach for
The patients were randomly assigned to two groups: tWenstaplishing a protocol of CyA administration and is designed
two patients were used for training (364 samples) the modglzely to provide a methodology to aid in clinical decisions
and the other 10 patients constituted the validation set (Zflﬂ)]_ The models does not provide a diagnosis but rather an

samples). CyA blood concentration was monitored in eveRgtimation of the next blood concentration, leaving the final de-
patient on different ocassions. The data collected on each 0¢G@ion to the clinicians.

sion were the following: CyA blood concentration (C [ng/mL]),
daily dosage of CyA (DD [mg/Kg/d]), creatinine levels (CR
[mg/dL]), anthropometric factors (age, AG [yr], gender, GE, Va"a%:m__,
and total body weight, WE [Kg]) and the post-transplantation Predicton
days, PTD [d]. Some basic population statistics for the trainingfaﬂabéw-h
and the validation sets are shown in Table 1.

Both blood concentration and dosage distribution within
the population are shown in Fig. 1, where the high inter-
subject variability observed in the early post-transplantation variables(t) Dosageint+1

days makes it necessary to raise or lower dosage while closely > e

A

monitoring the patient’s blood concentration. et oy

>

CyA concentration in t+1

Et+1)

(CY

11

Fig. 2. Chained prediction structure. The first model predicts the future value
of concentration and can be referred to as the “patient body modeling”. The
second one tries to model the clinical criterion of administration and takes one
more input: the future concentration predictiofit + 1).

Two basic steps must be followed in order to complete the

scheme:

« Individual predictors.To build individual models for both
dosage and blood concentration prediction.

« Robustness analysiBirstly, to test the models’ robustness
by evaluating their performance when noise is introduced
at input nodes and secondly, to validate the cascaded ar-
chitecture proposed.

Dosage (mg/kg/d)

B. Prediction models

The task of time series prediction has been undertaken by
many researchers, and a great number of methods and ap-
proaches have been used. One of the most widely used meth-
ods is the AutoRegressive Moving Average (ARMA) model due
to its ease of implementation and understanding. The ARMA

Concentration (ng/mL)

ol ‘ ‘ ‘ model, nevertheless, does not yield good results in a lot of appli-
0 % ost_transplanmation days (PTD) 200 cations because most systems to be modeled possess nonlinear
characteristics.

Fig. 1. Distribution of the (a) dosage (mg/kg/d) and (b) blood concentration

(ng/mL) of CyA. Dashed lines indicate the desired target range. More modern teChmqueS employ non-linear predlctlon

schemes. In this paper, ANN are used to extend the linear
model and overcome identification problems when dealing with
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TABLE |
CHARACTERISTICS OF PATIENTS IN THE STUDY FOR THE TRAINING AND THE VALIDATION SETSRESULTS ARE PRESENTED AS MEANE STANDARD
DEVIATION (SD)AND THE RANGE, EXCEPT FOR THE GENDER WHICH IS GIVEN AS THE NUMBER OF SUBJECTS

Predictor Training Validation

Mean + SD Range Meant SD Range
Samples/patient 18+3 14-23 193 14-24
PTD [d] 184+8.2 170-197 18%8.2 170-197
C [ng/mL] 260.6-80.6  45.8-803.3 289.287.10 106.08-560.9
WE [kg] 66.5415.36 37.5-106.0 76.3210.65 52.0-93.0
CR [mg/dL] 1.7+0.9 0.7-10.2 1811 0.8-8.0
AG [yr] 47.9+9.6 28.8-68.2 51410.3 36.2-68.9
GE
Male 13 8
Female 9 2
DD [mg/kg] 5.5+2.0 2.1-10.8 5221 2.4-10.5

a large number of explanatory variables, non-uniform samplipgediction techniques can be more appropriate for this purpose.

and non-stationarities. Three kinds of networks and the form@/e will focus on simple linear combinations such as the equal

tion of neural-network ensembles are used. weights (EW) method, the minimum-variance (MV) method
1) The multilayer perceptron: The multilayer perceptron and the Optimal Linear Combination (OLC). All of them are

(MLP) is composed of a layered arrangement of artifiial ne@xtensively described in [16].

rons in which each neuron of a given layer feeds all the neurons

of the next layer. This modg_l forms a complex mapping frq@_ Model development

the input to the output, but it is, nevertheless, a static mapping; . .

there is no internal dynamics [11], [12]. This problem can be ARMA models are not suitable when non-uniformly sam-

easily addressed by including an array of unit-delay elemen%?d time series must be modeled, and therefore their gppl!ca-
called a tapped-delay line model, to make use of spatiall ilon to our problem must be taken merely as an approximation

converted temporal patterns. There are two more approached: The graphical analysis of simple and partial autocorrela-
for introducing dynamic capabilities into a static neural neP—On functions showed an optimum autoregressive term of one
work: or the dosage model, AR(1), and a value of three for the con-

1) To substitute the static synaptic weights for dynamic Cocgntration model, AR(3). No moving-average terms were iden-
. ; k . Hified. Similar results were obtained when Information Criteria
nections which are usually linear filters. (IC) were usedd
2) To construct loops in the connections between neurons orRegarding the MLP model, we varied the number of hid-
layers of the network. den neurons<£20 to avoid overfitting), the weight initialization
~ 2) The FIR neural network: The FIR neural network falls \ange and the learning rate (between 0.001 and 0.3) to deter-
into the first category by modeling each synapsis as a Finite Ifine the best topology. Patterns were built using the actual and
pulse Response (FIR) filter [13]. There are striking similaritigg o past samples of all ime-dependent variables.
between this model and the MLP. Notationally, scalars are re-tpq training process for the FIR network was difficult be-
placed by vectors and multiplications by vector products. Theggy,se of its complexity since the number of free parameters in-
simple analogies carry through when comparing standard bagksases geometrically with the number of inputs, as shown in
propagation for static networks witemporal backpropagation [13]. In order to obtain accurate models, a great many sweeps
for FIR networks [11]. were performed, varying the number of hidden neurons (from
3) Recurrent networks:The Elman recurrent network is as o 25), the number of taps per synaptic connection in a layer
simple recurrent model with feedback connections around t{ﬂ?om 1 to 4) and the learning rate (typically between 0.0001
hidden layer. In this architecture, in addition to the input, hidgng 0.01). Initialization of the weights depending on the struc-
den and output units, there are also context units (CU), whiglye of the net was also used, as proposed by many authors [13],
are only used to memorize the previous activations of the hiﬂz]_ Models with few taps <4) are preferred in order to be
den units [14]. able to predict early blood concentrations even though more
4) Combining predictors: Previous work has shown thatthan a single hidden layer was strictly necessary to obtain sig-
combining the output of many models can generate more afficant results. Moreover, in some cases, it was necessary to

curate predictions than any of the individual ones [15]. Agharply increase the number of epockd.(000).

effective combination should consist of networks that are not

only correct, but that also make their errors in different parts of The IC used were the following: Final Prediction Error (FPE), Akaike

the i t Th f lated dicti d Information Criterion (AIC), Bayesian Akaike Information Criterion (BIC),
€ inpu _SPace- ere Ore'_ unc_orr_e ale Pre '_C lons ar_e €8thwartz’ Bayesian Criterion (SBC), Minimal Description Length Criterion

able and it is assumed that, in principle, using different kinds @fiDL) and Parzen’s CAT Criterion (CAT).
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The training of the ElIman network depends to a large extent

training process.
All models were developed in MATLA® environment.

TABLE Il

on the |eal’n|ng rate and the number Of context neurons In faMODELS COMPARISON FOR BLOOD CONCENTRATION PREDICTION IN THE
the network must be tl’alned us'ng hlgh Va|UES Of the momentdmlDATlON SET. ARC.H|TECTURES OF THE NETWORKS ARE INDICATED IN
term (o > 0.8) because this prevents weight oscillations in theHE FORMInput x Hidden x Output NODES. THE ROOTMEAN-SQUARE

ERROR(RMSE), THE MEAN ERROR(ME) AND THE CORRELATION
COEFFICIENT(R) ARE GIVEN. 95% CIARE GIVEN IN BRACKETS.

Since the computational burden was very highfileswere

¢ lated tMEX-fil q fast K Performance r ME (ng/mL) RMSE (ng/mL)
ranslate -filesand programs were run on fast work-

. prog (£95% Cl)  (+£95%Cl)'
stations.

The criterion used to select a candidate model for the finafR(3) 0.325 9.878 90.96
system was based on the model predictive performance in the (-8.907,10.849)  (79.65,102.27)
validation data set. Bias was measured using the mean predigLP (14 x7x1) 0.728 -0.279 58.69
tion error (ME), and the model accuracy was tested by the one- (-8.106, 7.547) (52.43,64.91)
way analysis of variance (ANOVA) method. The root-mean-ELMAN 0.762 -0.019 55.19
square error (RMSE) was used as a measure of precision. We4x3x 1, cu=3) (-7.379,7.342) (49.43,61.62)
used the mean of the absolute prediction error to compare thag 7xaxax1, 0.785 0176 5580
precision of the models using the one-way ANOVA method.Taps per layer: 1:1:1) (-6.865,7.217) (47.79,58.27)
Their results were also assessed by inspecting the correlation : :

- . . 0.801 -0.041 51.15
coefficient (r) as a measure of goodness-of-fit. During the de-
. (-6.862,6.781) (44.75,57.22)
velopment of the models, the data were preprocessed to give .
zero mean and unit variance. MV 0.807 0.042 50.51
[0.3,0.4,0.3] (-6.694,6.778)  (44.95,56.09)
OLC* 0.838 0.091 46.97
IV. RESULTS [4.5,12.85,7.31] (-6.173,6.354)  (41.44,52.62)

A. Concentration prediction

T 959 confidence intervals of the RMSE were calculated using bootstrap metmoﬂleights of neural network ensembles

ARMA modeling shows poor results due to the high variabilre indicated n the form e, Fir, ELvan,

ity in the time series, the presence of non-stationary pharma-
cokinetic processes in the early post-transplantation days and
the direct influence of the non-uniform sampling. Results d
not improve when we considered more autoregressive terms:

The Elman network was slightly more accurate (-0.01

{R®L). In the same figure, we also show the predicted val-
ues against the residuals for this model (Fig. 3b).

These

goodness-of-fit graphics confirm the good predictive perfor-

ng/mL) than the MLP (-0.279 ng/mL) and the FIR net (0.178'2Nc€ of the FIR model. Acceptable coefficient of determi-

ng/mL). Precision for the FIR network was slightly better as ¢
be observed from the RMSE measurements in Table 2, wherg

veloped is shown for the validation set.

(@)

(b)

tion ¢2=0.62) and no biased estimations (Sl&85%Cl:
a%?cto.ll, intercept95%CI: 2.06:31.55) or errors are ob-

a comparison of the predictive performance of the models deervea.

The construction of network ensembles from these modelsi *®
completely justified since correlation coefficients between er-_,
rors of the models were not very high 0.81). Outcomes §
clearly improve when simple combined forecasts are consids*°
ered. The best mixture was formed by the OLC, which reduce(§ 300
the RMSE by 11.03%. More complex combinations using dif-
ferent numbers of experts were also attempted but results we
similar. S 100

The 95% confidence intervals (95%CI) of the mean er-
0

g/mL)

d cont

200

Ol

Residual (ng/mL)

N
a
=3

N
=1
=]

-
a
=]

i
o
=]

o
=}

o

-100

rors include the null value in the models developed. There:
fore the models’ predictive accuracy shows no systematic bias.
Moreover, since one-way ANOVA test did not show any staig. 3.

200 400
Predicted concentration (ng/mL)

600

-150

0 200

400 600

Predicted concentration (ng/mL)

FIR network performance in the validation set for the concentration

tistical differences when we compared the mean of predi%r_ediction. (a) Predicted versus observed concentrations and (b) predicted ver-

Sus residuals.

tion errors (F=1.900, df1=5, df2=1296:=0.091) and neither
did the mean of absolute prediction errors (F=0.0019, df1=5,
df2=1296,p=0.999), we concluded that the models’ predictive
performance of CyA blood concentration is similar.

An easy way to show results graphically is to make pr
dicted versus observed representations.
network is shown in Fig. 3a.

@_. Dosage prediction

A plot of the FIRARMA model performance is good even when a very sim-
The solid line representsle model is considered. The reasons for this can be stated as
the line of identity, and the dotted one is the regression liriellows:
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1) Dosage follows a clinical criterion of administration and @ ] ®
predicting it is an easy task because a high correlatior 4
between subsequent samples is identified. g

2) The earlier post-transplantation days are the most difficul
samples to predict, but the number of samples is larger &;
that time. This could be referred to as a “slightly non-
uniform sampling”.

Neural networks show better results than ARMA modelings
but their performance is similar numerically, as observed in Ta:
ble 3. Moreover, EIman network showed slightly more accurate 1./
estimations than the MLP and FIR models. Due to the excel Precicted dosage (mglkgid) % oredicted dosege (mukgid)
lent outcomes achieved by all the models, it was not necessa
to implement neural network ensembles.

Observed dosage (mg/kg/d)
Residual (mg/kg/d)

@/4 Elman network performance in the validation set for the dosage predic-
tion. (a) Predicted versus observed dosages and (b) predicted versus residuals.
TABLE 11l
MODEL COMPARISON FOR DOSAGE PREDICTION IN THE VALIDATION SET
ARCHITECTURES OF THE NETWORKS ARE INDICATED IN THE FORNnput ~ Such as blood sampling errors, patient compliance and the sen-
x Hidden x Output NODES. THE ROOFMEAN-SQUARE ERROR(RMSE),  Sitivity of the dosage model to exact input values. In Fig. 5, we
THE MEAN ERROR(ME) AND THE CORRELATION COEFFICIENT(R) ARE  Show the performance in both models when different levels of

GIVEN. 95% CIARE GIVEN IN BRACKETS. noise are introduced.

Performance r ME (mg/Kg/d) RMSE (mg/Kg/d) @
(+£95% CI) (£95%cCnt [ ‘

AR(1) 0.938 0.197 0.748
(0.101,0.294) (0.640,0.842) |

MLP 0.991 0.074 0.282

(14x2x 1) (0.038,0.111) (0.242,0.318)

ELMAN 0.992 0.070 0.267

(14x3x1, CU=3) (0.036,0.105) (0.228,0.300) ¢

FIR (7x2x10x1, 0.989 0.083 0.314 el

Taps per layer: 1:2:1) (0.042,0.123) (0.269,0.353)

0.6

T 959 confidence intervals of the RMSE were calculated using bootstrap methods.

0.4

<~ -

sor — T

However, none of the models included the null value in their
95%CI of the mean errors and their predictions were slightly = - — ; e o -
posltlvely biased. One- Wa_y ANOVA test showed statistical Standard Deviation of the Gaussian noise, o Standard Deviation of the Gaussian noise,
differences when we compared the mean of prediction err%rs

. Evaluation of the RMSE measurement when additive Gaussian noise
(F=4.263, df1=3, df2=864;=0.0053) and the mean of abso'“@vnh zero mean and standard deviatieris introduced in the individual (a)
prediction errors (F=36.58, df1=3, df2=86450.001). How- dosage and (b) concentration models. Mean values within the validation set are
ever, if the ARMA model is not included in the comparisoni"dicated:
no statistical differences in bias (F=0.1116, df1=2, df2=648,

p=0.8944) or precision (F=1.49, df1=2, df2=6480.2262) are The FIR and Elman networks show good performance

found. throughout the whole process both in the dosage and the

In Fig. 4, the performance of the Elman networ If)lood concentration models. As the noise level is increased
for dosage prediction is represented using predicted-vers IS- 0. 05), the performance of the ARMA and MLP models

;)_bserv?d aEnd ;?Ireoilcted f;(e_rsuts r]?s(;d?als _plc?s |2n éh;8:1/al' gpldly deteriorates. All neural models offer excellent robust-
lon set. xcellent coefficient of determination”<0. ) ness capabilities in concentration prediction when low noise

tiué &Sgggély_ Fos't'vegyS;gs_ %do :tsg?;tlonsf (Slgf% #Cl: levels are introduced(<0.05), which indicates less sensitivity
' 02, Intercept 95%CI: 0. -09) are found. to exact input values in normal situations.

2) Chained prediction schemeAn optimum chained pre-
diction would be the one formed by the most robust model for

Since no numerical or statistical differences were observptedicting the dosage and the model with the best error and suc-
between the neural models, we decided to test their robustnesss ratio for blood concentration prediction. A combination of

1) Noise introduction: We can test models introducingmodels produces worse, but more realistic, results than indi-
Gaussian noise with zero mean and standard deviation vidual dosage prediction because now the (unknown) value of
N(0,0), together with the inputs. This can simulate real cas€t + 1) is substituted by its estimatiofi}(¢ + 1).

C. Prediction robustness
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After evaluating all possible combinatidhswe conclude e e
that the best global modeling of the cyclosporine problem is . — » —
achieved by linking an FIR network for predicting the concen- =
tration to an Elman network for modeling the dosage admin-;.,
istration. This combination yields an ME = 0.018@.002) =
mg/Kg, RMSE=0.299+0.04) mg/Kg and r=0.977 in the vali- ., :

dation set.

1 4
(] 5 200 0 E

°

Dosage (mg/Kg/d)

0 100 150 0 100 150
Post-transplantation days (d) Post-transplantation days (d)

Patient (b) Patient (b)

V. DISCUSSION — o

The prediction of immunosuppressive blood concentrations.” .
is a challenging issue and leads to difficulties in selecting the%m
optimum dose of drug to avoid graft rejection and minimizegm
adverse effects. Intensive drug monitoring is necessary in or’ .
der to keep blood concentrations within a proper range. In thi; :
context, we have presented the formulation of neural model * X
that could help to individualize the CyA posology. Dosage and patent (9
blood concentration models have been built to achieve acct « =
racy and robustness, and they have been included in a chain_
scheme. This approach attempts to assist the health care tearr%““
dosage individualization since physicians could take the blooc .
concentration estimation as a helpful guide for dose administrg’.,,
tion.

The models captured abrupt changes in the time series ¢ ™% R s %
blood concentration in the patients, and all of the models

performed similarly in the early post-transplantation periong.ig- 6. Plots of observed and predicted CyA concentration (ng/mL) and oral
ose (mg/Kg/d) versus postoperative day in individual patients showing (a)

Nevertheless, 21% Of.the patients had very pOOI’ PfediCtiO@“b%d, (b) acceptable and (c) unsatisfactory predictive performance. Only the
(RMSE>65 ng/mL) which can be due to errors in drug dosaggiman network for dosage prediction and the FIR network for concentration

administration, to the inter- and intrasubject variability in th@rediction are shown.
drug absorption process, in the recording of blood sampling
times or abrupt changes in each patient’s clinical condition.
As an example of these situations, we show three patients withd presents lower inter-subject variability in the early post-
good (Fig. 6a), acceptable (Fig. 6b) and poor (Fig. 6c) predi¢ansplantation days (CV=24%). The best results for the CyA
tive performances. FIR network predictions are better (RMJHo0d concentration prediction are obtained using the FIR net-
values ranging between 37 and 47 ng/mL) in patients under W@rk, where an ME of 0.18 ng/mL and a RMSE of 52.80 ng/mL
years old, with total body weight superior to 50 Kg and witivere observed in the validation set. We have also shown how
non-subtherapeutic CyA blood levels. Creatinine or gender hg@mbined forecasts can be used to easily improve the accu-
no significant effect on CyA prediction accuracy. racy and bias of predictions (ME=0.09 ng/mL, RMSE=46.97
Whenever the initial daily dose for a patient is superior t89/mL). Our results clearly improve a previous work following
9 mg/Kg, CyA blood concentration is very difficult to predicthe time series methodology [5]. In [5], a multilayer percep-
(see Fig. 6c) due to its higher variability in the absorptiofon with lagged inputs was used to predict CyA levels in renal
and disposition process of CyA during the first four weeks @flograft recipients but the results were not optimal (bias: 25
post-transplantation. In fact, under-prediction in this period Rg/mL, precision: 74 ng/mL in the test set).
a common characteristic of the models for almost all the pa_ From a statistical pOint of VieW, there are no Signiﬁcant differ-
tients, and the prediction of CyA blood concentration or dosa§8ces between the neural models developed, possibly because
present serious difficulties. This is one of the main problenide sample size is too small to detect these differences. There-
in TDM of trough blood concentrations. Actually some author®re, additional work is needed to compare the predictive per-
suggest sampling times of two hours after administration JC formance of these models in a larger data set. However, from
to solve this situation [4]. More clinical studies are needed b@Ur analysis of the models’ robustness, we can conclude that
fore changing TDM from trough levels to. levels. In any dynamic neural models give good results and that, more specif-
case, this problem is lessened as long as blood levels becdf@dy, the FIR network constitutes a powerful tool for solving
more stable, which is when slight over-predictions are obtain&#s problem. The best combination of models is formed by an
(see patients in Fig. 6a and 6b). FIR network for predicting the CyA blood concentration and an
Although the results obtained for the blood concentratidalman network for modeling the dosage administration.
prediction are acceptable, they are lower than the dosage
prediction because dosing follows a therapeutic guideline VI. CONCLUSIONS AND FURTHER WORK

Dosage (mg/Kg/d)

Dosage (mg/Kg/d)

100 150 200
Post-transplantation days (d)

2The ARMA models and combined forecasts were discarded because of theif " this paper, We_ ha\_/e preger_ned several approaches to a
poor results and their complexity, respectively. complex pharmacokinetic prediction problem: ARMA models,



IEEE TRANSACTIONS ON BIOMEDICAL ENGINEERING, VOL. XX, NO. Y, MONTH Z 2002

MLP with lagged inputs, the FIR network and the EIman recuft7] L. Ljung, System Identification. Theory for the usBrentice-Hall, 1987.

rent network. Neural models have proven to be well suited to

this problem not only because of the accuracy of their estima=
tions but also because of their precision and robustness. Based
on these results, the application of neural networks in the can-
text of TDM is a clinically useful tool.

Our future work is tied to the use of more sophisticated ney-
ral networks and committees of trained models since some pa-
tients’ dynamics have not been captured. Additional studies
are necessary in order to explore statistical differences between

methods, the influence of clinical covariates and the expansion

of the predictive performance up to long-term follow-up.
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