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Fig. 3

Possibility of a prospective UF control
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Simple illustration of an artificial neuronal network
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Prognosis of the blood pressure with an NAR network
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DEVICE AND METHOD FOR PREDICTING
INTRADIALYTIC PARAMETERS

CROSS REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims priority to German applica-
tion DE 102013 108 543.1 filed Aug. 7, 2013, the contents of
such application being incorporated by reference herein.

FIELD OF THE INVENTION

[0002] The invention relates to a device and a method for
predicting intradialytic parameters such as blood pressure.

BACKGROUND

[0003] Hitherto, problems in medical treatment, such as
intradialytic hypotensive situations for example, have been
reduced or corrected by retrospective control. Thus, an inter-
vention such as the reduction of the ultrafiltration rate (UF
rate) has only been performed in the event of a hypotensive
episode.

[0004] Symptomatic, intradialytic hypotensive situations
pertain to the most common complications during dialysis
treatment. One of the main causes of these hypotensive situ-
ations is the imbalance between the UF rate and the refill
process, i.e. the subsequent flow of water from the intracel-
lular space and the interstitium into the intravasal space. For
the purpose of reducing and avoiding such hypotensive situ-
ations, various techniques have been developed, which are
based on biofeedback systems. Possible control parameters
for stabilizing the hemodynamic circulation of the patient are
e.g. the blood pressure (BD) and the relative blood volume
(RBV). Candidates for adjustable parameters are the tem-
perature (DT) of the dialysis liquid, the ultrafiltration rate
(UFR or UF rate), and the conductivity (LF) of the dialysis
liquid. All these control parameters or adjustment parameters
coalesce in different combinations and with various recipro-
cal effects.

DESCRIPTION OF THE RELATED ART

[0005] A biofeedback system described in EP 0 956 872
A2,EP 1226838 A2 and EP 1 844 800 B1 controls the direct
cause of hypotensive situations, i.e. the blood pressure.
[0006] WO 2011/080185 and WO 2011/080190 describe
measuring equipment for predicting a drop in blood pressure.
Here, the heart rate amplitude is calculated with various sig-
nals recorded by the machine and/or directly on the patient,
which amplitude results in a variance. The variance provides
insights into the occurrence of a hypotensive event.

[0007] EP 2061532 B1 describes therapy equipment with
amemory-supported control device, the progress of the blood
pressure from preceding therapy units is examined in terms of
any similarity to the current blood pressure progress at the
current point in time. From among those curves which have
the greatest similarity, at least one curve is selected, which
shows a blood pressure drop, and said curve will be the pilot
variable of anticipatory blood pressure control. In doing so,
however, there is a chance that a curve is selected in the test,
which has very little similarity and yet will be applied as the
pilot curve for the current therapy unit.

[0008] However, the above-mentioned biofeedback sys-
tems only show retrospective reaction, i.e. react only after the
occurrence of a hypotensive episode. A drop in blood pressure
cannot be predicted hereby.
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[0009] When blood volume is controlled, it is continuously
measured and, with the control of the UF and LF, made to
follow a predefined blood volume progress by force; the
blood volume may fluctuate around said predefined progress
only in a predefined interval. This is achieved with adaptive
MIMO (Multi Input Multi Output) control.

[0010] In another biofeedback system, the arterial and
venous temperatures are recorded by temperature sensors
installed in the machine. By changing the temperature of the
dialysis liquid, the difference between the recorded arterial
and venous temperatures is controlled so that it adopts the
target value. As a consequence of this, there is a change in
venous or extracorporeal temperature. Indeed, this allows the
achievement of a stable condition in the patient, but the con-
trolling of the temperature does not deliver any direct infor-
mation on the current condition of the patient.

[0011] EP 0956 872 A2 (EP 0956 872 B1) describes the
control of blood pressure, based on monitoring the blood
pressure of the patient in defined time intervals. According to
the blood pressure progress and the current blood pressure,
and depending on two predefined limits, the UF rate is
adjusted. This biofeedback system also involves a retrospec-
tive reaction. The UF rate is not adjusted until drops in blood
pressure have been detected.

[0012] EP 1844 800B1 describes the time-flexible control
of blood pressure, which receives substituted blood pressure
values from previous, patient-specific blood pressure
progress at defined points in time. This allows a reduction in
the number of blood pressure measurements within a therapy
unit.

[0013] EP0956872 A2(EP0956872B1), EP1 844 800B1
and EP 2 061 532 B1 each require a certain number of current
blood pressure measurements so as to allow the start of a
comparison with preceding therapy units. This results in the
disadvantage that a blood pressure drop may have occurred by
then.

[0014] WO 2011/080185 and WO 2011/080190 describe
the prognosis of a blood pressure drop which is indicated by
a warning signal. This signal informs the staff to take coun-
termeasures. If the prognosis of hypotension is incorrect, the
staff are informed unnecessarily, resulting in a waste of time
and putting the patient under stress in the event of counter-
measures such as the Trendelenburg position.

SUMMARY OF THE INVENTION

[0015] Theinvention relates to an object to provide a device
and a method, which are able to increase the treatment quality
during treatment.

[0016] Exemplary embodiments of the invention relate to
the prognosis of intradialytic parameters such as the blood
pressure (BD). The prognosis may take place with the aid of
learning algorithms, for instance with neural networks. This
prognosis allows the staff to have a view of the future perfor-
mance of the patient parameters, so that measures can be
taken early, or timely automatic intervention by the machine
can occur.

[0017] According to one aspect of the invention, a device is
made available for the prognosis of intradialytic parameters
such as the blood pressure, at least one learning algorithm
and/or at least one neural network being provided. A memory
device is capable of storing patient-individual intradialytic
parameters, laboratory parameters, and/or machine param-
eters, which can be used in the prognosis of patient-specific
parameter progress during dialysis treatment.
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[0018] The patient-individual intradialytic parameters may
be, for example, the blood pressure and/or the relative blood
volume (RBV). The laboratory parameters are albumin and/
or urea, for instance. The machine parameters are the venous
pressure (PV) and/or the arterial pressure (PA), for example.
[0019] Itis advantageous to display a trend in the progress
of the desired parameter, e.g. visually or acoustically, so that
the treatment staff can be immediately informed.

[0020] A biofeedback system which uses the prognosis as
an input allows countermeasures to be taken automatically
and as quickly as possible, e.g. in the form of a UF reduction,
an LF change, a modification of the temperature of the dialy-
sis liquid or an injection of an isotonic solution.

[0021] Preferably, it is possible to provide at least one sen-
sor or memory arrangement for detecting or storing machine
parameters such as venous pressure (PV), arterial pressure
(PA), transmembrane pressure (TMP), conductivity (LF) of
the dialysis liquid, temperature (DT) of the dialysis liquid,
and/or further parameters, and/or a sensor arrangement or
memory arrangement for detecting patient parameters such as
the absorbance of uremic toxins, of the hematocrit (HCT),
and/or a sensor arrangement or memory arrangement for
detecting or storing laboratory parameters such as albumin,
urea ete.

[0022] The provided training unit and prognosis unit allow
the determination of the prognosis accuracy, the training unit
being preferably designed to carry out a learning phase first,
whereupon it forwards the correspondingly trained, i.e. cor-
respondingly adapted, values of a training algorithm to the
prognosis unit. Then, the integrated training algorithm allows
the prognosis unit to perform a prediction based on extrapo-
lations or other calculations for the prognosis of the future
progress of parameters to be determined or monitored. The
prognosis parameters may be evaluated, compared with
threshold values, and/or displayed, so that optimized, quick
evaluation and information are achievable.

[0023] Preferably, the training unit, the prognosis unit and/
or a means for forming prognosis parameters may each be
designed as an artificial neural network. As an alternative or in
addition, it is possible to use support vector machines.
[0024] As anoption, analarm unit for outputting a warning,
e.g. in acoustic and/or visual form and/or in the form of a
display may be provided on which the current progress of the
prognosis parameters can be represented, as well as the esti-
mated progress to be expected in future.

[0025] In one or more exemplary embodiments, a control-
ler is provided, which is able to take control interventions
based on the prognosis parameters as well as on the current
parameters, for example the blood pressure or the relative
blood volume, so that a quick, precise corrective intervention
can be carried out in case of need.

[0026] During the initial phase, the structure of a neural
network comprising an input layer with at least two inputs, at
least one hidden layer comprising at least three neurons, and
at least one output layer with at least one output can be
adapted and trained, and the outputs can be adapted to input
data.

[0027] In this process, weights of the predefined network
can be calculated and updated.

[0028] Itis also possible to automatically alter the structure
of the network, e.g. the number of the neurons or hidden
layers, in order to ensure an optimized learning process with
an existing data record, and to adapt the learning algorithm.
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[0029] The networks may be trained with the Bayesian
Regulation Backpropagation and Levenberg-Marquardt
Backpropagation algorithms as the training algorithms. The
NAR or NARX network may be used for the training algo-
rithm.

[0030] A further improvement in the prognosis can be
achieved by involving at least one or more of the following
input parameters in addition to blood pressure, namely the
ultrafiltration rate, UF rate; ultrafiltration volume; arterial and
venous pressure; hematocrit; relative blood volume; oxygen
saturation; hemoglobin; ultrafiltration rate; heartbeat; absor-
bance of uremic toxins; systolic blood pressure; conductivity
of the dialysis liquid (acid and base conductivity, pH value),
and/or temperature of the dialysis liquid, and/or further learn-
ing techniques.

[0031] A further aspect of the invention relates to a method
for predicting intradialytic parameters such as a blood pres-
sure, at least one learning algorithm and/or at least one neural
network being provided, patient-individual intradialytic
parameters, laboratory parameters and/or machine param-
eters being stored and used in the prognosis of patient-spe-
cific parameter progress during a dialysis treatment. The
patient-individual intradialytic parameters may be the blood
pressure and/or the relative blood volume (RBV). The labo-
ratory parameters are e.g. albumin and/or urea, and/or the
machine parameters are e.g. the venous pressure (PV) and/or
the arterial pressure (PA). It is possible to display a trend in
the progress of the desired parameter or the progress itself, for
instance visually or acoustically.

[0032] By storing patient-individual intradialytic param-
eters (e.g. BD, RBV., . . .), laboratory parameters (e.g. albu-
min, urea, . .. )and machine parameters (e.g. venous pressure
(PV), arterial pressure (PA), . . . ), it is possible to predict
patient-specific parameter progress during a dialysis treat-
ment. A parameter which is relevant here may be the blood
pressure. This prognosis gives the user future information
about the condition of the patient, so that the user (e.g. the
staff) may interact early, by adjusting one or more dialysis or
patient parameters. If the blood pressure progress of the
patient is predicted, the user or operator, e.g. a user or thera-
pist such as a physician or a hospital nurse, receives informa-
tion on how the blood pressure will behave within the near
future, e.g. within the next minutes or hours, with the given
parameters, e.g. the UF rate. If the predicted blood pressure
progress is critical in terms of a possible hypotensive episode,
there is the possibility in advance to eliminate it by arranging
the automatic or manuval reduction of the UF rate, for
example.

[0033] In one, more or all exemplary embodiments, the
prognosis of the intradialytic blood pressure (BD) is possible
on the basis of patient-individual, stored physiological
parameters, which enables the early control of the blood
pressure and hence allows the prevention of a falling blood
pressure trend and a reduction in hypotensive episodes.
[0034] Further, there is the possibility of presenting a trend
in the progress of the desired parameter to the physician or
staff e.g. by visual ways and means, so that the interpretation
of the trend will be made by the staff first, before automatic
intervention by the machine occurs. In the event of a critical
trend for example, the staff are able to take other measures in
good time, such as the timely injection of an isotonic saline
solution.

[0035] The prognosis may alternatively be used as an input
into a biofeedback system which takes countermeasures in an
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automated fashion, e.g. in the form of a UF reduction, an LF
change, a temperature modification in the dialysis liquid or an
injection of an isotonic solution.

BRIEF DESCRIPTION OF THE DRAWINGS

[0036] Theinvention is best understood from the following
detailed description when read in connection with the accom-
panying drawings.

[0037] FIG. 1 shows a flow diagram for predicting blood
pressure,

[0038] FIG. 2 shows the progress of UF control,

[0039] FIG. 3 shows the possibility of prospective UF con-
trol,

[0040] FIG. 4 is a simplified illustration of an artificial
neural network,

[0041] FIG. 5 shows the progress of a blood pressure prog-

nosis with different network types,

[0042] FIG. 6 shows a blood pressure prognosis with a
network with different training algorithms,

[0043] FIG. 7 shows the progress of a blood pressure prog-
nosis with a NAR network,

[0044] FIG. 8 shows a blood pressure prognosis with a
NARX network,

[0045] FIG. 9 shows correlation coefficients between
hemodynamic parameters and parameters detected by the
machine sensors with the systolic blood pressure,

[0046] FIG. 10 shows a blood pressure prognosis with and
without time lag for different learning algorithms,

[0047] FIG. 11 shows a prognosis of the blood pressure
during a therapy unit, with the formation of ensembles, and
[0048] FIG.12 shows acontinuous prognosis of a complete
therapy unit with an FF-NN.

DETAILED DESCRIPTION OF THE PREFERRED
EMBODIMENTS

[0049] FIG. 1 illustrates an exemplary embodiment of the
device according to aspects of the invention. The exemplary
embodiment comprises a sensor or memory arrangement 2
for detecting or storing machine parameters such as the
venous pressure (PV), the arterial pressure (PA), the trans-
membrane pressure (TMP), the conductivity (LF) of the
dialysis liquid, the temperature (DT) of the dialysis liquid,
and/or further parameters. These machine parameters may be
directly measured by the sensor arrangement 2 on the patient
1 or on the dialysis machine, but they may already have been
stored in advance. The values which are detected or delivered
by the sensor arrangement or memory arrangement 2 can be
stored in a memory unit 5.

[0050] Further, a sensor arrangement or memory arrange-
ment 3 is provided, which detects patient parameters such as
the absorbance of uremic toxins, of the hematocrit (HCT),
etc. and may receive its input variables with corresponding
measurements on the patient or on the dialysis liquid or dialy-
sis machine.

[0051] A sensor arrangement or memory arrangement 4 is
further provided for detecting or storing laboratory param-
eters such as of albumin, urea, etc., which may receive its
input variables from the patient 1 with corresponding mea-
surements or inputs. Just like the sensor arrangement 2, the
sensor arrangements 3 and 4 also save their output signals in
the memory unit 5.

[0052] On the basis of the values (such as the machine
parameter, patient parameter, and laboratory parameter)
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which are buffered in the memory unit 5, a training unit 6
arranged downstream of the memory unit 5 is trained. The
training unit 6 performs a learning phase first, whereupon it
forwards the correspondingly trained, i.e. correspondingly
adapted, values of the training algorithm to a prognosis unit 7.
[0053] With the integrated prognosis algorithm, the prog-
nosis unit 7 carries out a prediction for the prognosis of the
future progress of parameters which are to be determined or
monitored. This calculation of the future, expected progress
of the parameters which are to be predicted, in the following
also referred to as prognosis parameters, takes place in the
prognosis unit 7 which determines and defines the level ofe.g.
the blood pressure and/or the relative blood volume or any
other parameters, with respect to their expected future
progress. In block 8 or in further blocks 9 to 11, which are
connected to block 8, the prognosis parameters can be evalu-
ated, for instance compared to threshold values, and/or can be
displayed.

[0054] In the exemplary embodiment shown in FIG. 1,
block 9 is implemented as an alarm unit which delivers a
warning e.g. in acoustic and/or visual form. This allows e.g.
the physician or staffto carry out a quick intervention, such as
areduction in the UF rate or the supply ofliquid to the patient,
before an emergency situation such as a hypotensive episode
even 0Ccurs.

[0055] Further, block 10 may be designed for instance as a
display device showing the current progress of the prognosis
parameters including the estimated progress which is to be
expected in the future.

[0056] Block 11 may be designed as a controller which
makes corresponding control interventions on the basis of the
prognosis parameters as well as of the current parameters,
such as the blood pressure or the relative blood volume, and
hence controls the treatment of patient 1 in a corresponding
manner.

[0057] The components 6, 7, 8 may be designed as an
artificial neural network.

[0058] Patient data are detected in one, more or all exem-
plary embodiments. To this end, the consecutive blood pres-
sure progress of patients is collected over a long period of
time, with at least 10 subsequent therapy units of each patient
being used for training. For each and every therapy unit, 48
calculated or measured blood pressure values are obtained.
This means that 48*10=480 blood pressure measurements of
the same patient are available for the training process.
[0059] Artificial neural networks are used in exemplary
embodiments, for the prognosis of the blood pressure. It is
also possible to use other prognosis methods such as support
vector machines. Various network models and types are
modified and tuned, so that any overfitting and underfitting
can be avoided. For the sake of the better validation of the
quality of the networks, more than one criterion is considered
since the sole consideration of only one criterion, such as the
Root Mean Square Error (RMSE) or the Mean Square Error
(MSE), could result in the incorrect validation of the network
or of the prognosis. This has been established in several
simulations. The RMSE is the square root of the average
prognosis error, i.e. of the average deviation of the prognosis
from the actual observation. MSE refers to the median qua-
dratic deviation of an estimator from the value to be esti-
mated.

[0060] Exemplary embodiments of the invention deal with
the prognosis of intradialytic parameters such as the blood
pressure. The prognosis may take place with the aid of learn-
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ing algorithms such as the neural networks for instance. This
prognosis allows the staff to get a view of the behavior of the
patient parameters in the future, so that early measures can be
taken or a timely automatic intervention be carried out by the
machine.

[0061] Since intradialytic morbidities are specific to a
patient, it is advantageous to know the hemodynamic charac-
teristics of the patient, e.g. the progress of at least one or more
parameters in any combination, or of all the following param-
eters such as BD, RBV, DT, HCT, PA, PV, TMP, and/or
oxygen saturation. For that reason, one, more or all exemplary
embodiments of the invention provide a system which learns
these hemodynamic characteristics, here also referred to as
hemodynamics, in continuous fashion. Such hemodynamics
can be stored after each therapy unit.

[0062] With the aid of artificial neural networks, prognoses
of the progress of the hemodynamics can be made during the
ongoing therapy unit, from the stored data which describe the
hemodynamics of the patient in typical as well as in special
situations. Artificial neural networks offer possibilities to
interpret the dynamic progress of the system and to predict its
future behavior. If the hemodynamic and physiological
parameters of the patient are stored, their future progress can
be predicted by the neural network(s).

[0063] If the artificial neural networks learn the hemody-
namic characteristics of the patient, a prognosis of this char-
acteristic is possible, depending on several parameters. Ifthis
prognosis is successful, these parameters can be controlled in
good time. These parameters may be e.g. the BD and/or the
RBV. As an alternative or in addition, an alarm or a warning
can be triggered. A manual or automatic medicinal interven-
tion may represent one way of stabilizing the blood pressure.
[0064] In one, more or all exemplary embodiments, prog-
nosis of the blood pressure is the aim. The expected progress
of the blood pressure can be predicted in dialysis treatment,
with the aid of stored parameters. If there is a risk of hypoten-
sion, the system is able to react in good time and to adapt the
UF rate before the occurrence of hypotensive situations. Nor-
mally, a reduction in the UF rate results in the stabilization of
the blood pressure and hence of the hemodynamic param-
eters. As an alternative or in addition to the stabilization of the
blood pressure, the stabilization of the prognosis of an alter-
ation in the LF or DT may occur.

[0065] Exemplary embodiments of the invention allow the
prediction of e.g. intradialytic progress of patient parameters
(e.g. BD). A further reduction in blood pressure measure-
ments can be achieved. It is possible to do without some or all
of the blood pressure measurements. The early identification/
prognosis of intradialytic morbidities (e.g. hypotensive epi-
sodes) is possible. Further, the early identification/prognosis
of a blood pressure trend is possible. Moreover, early inter-
action in the event of abnormal predicted progress profiles is
possible.

[0066] All the dialysis parameters which are relevant for
blood pressure and used for predicting another dialysis
parameter, e.g. the blood pressure, are stored after each dialy-
sis therapy. From a certain number of stored therapy units
upward, a predefined, stored neural network accesses the
preselected parameters. The parameters are trained, and
weights are calculated by the neural network. In the event of
a new treatment, the neural network is able to calculate the
expected blood pressure progress directly after connecting
the patient and adjusting his/her parameters. The blood pres-
sure progress is given in intervals of 5 minutes.
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[0067] Inone, moreor all exemplary embodiments, various
ways of controlling may be provided, e.g. retrospective, with
the blood pressure measurements being carried out in pre-
defined time intervals after the start of dialysis. During the
time in which no blood pressures are measured, the blood
pressures which have been calculated by the network are
taken as the current blood pressures. The blood pressures
calculated from the neural network can be adapted, based on
their trend, to the current blood pressure trend. The process of
controlling the UF rate orients itself toward the blood pres-
sure progress and the current blood pressure, up to the current
time of therapy.

[0068] Another form of control may take place in prospec-
tive fashion, a blood pressure course for the corresponding
patient being calculated at the beginning of the therapy unit,
1.e. after the adjustment of the patient parameters. As usual,
blood pressure measurements are also carried out in pre-
defined time intervals. The blood pressure progress is
assessed up to the current point in time. In the prospective
control, the future behavior of the blood pressure, which
behavior is estimated from the blood pressure curve calcu-
lated specifically for said patient at the beginning of the
therapy unit, is also considered and assessed in parallel. If one
of the two evaluations indicates a blood pressure drop or a
downward blood pressure trend, the UF rate can already be
lowered, before the occurrence of said blood pressure drop or
downward blood pressure trend, in order to stabilize the blood
pressure.

[0069] The time for the prospective control may be, for
instance, between 5 and 60 minutes. FIGS. 2 and 3 show an
illustration of the prospective control. FIG. 2 shows the ret-
rospective control of the blood pressure, where the UF rate is
not reduced until a critical limit is reached.

[0070] Curve line 21 in FIG. 2 shows the progress of the
systolic blood pressure in mmHg, the round points represent-
ing the actual measured values which are determined in inter-
vals of 20 minutes for example.

[0071] The horizontal axis shows the time in minutes,
whereas the right vertical axis shows the systolic blood pres-
sure atits current level, starting at 50 and rising to 120 mmHg.
The left vertical axis shows the UF rate in ml/, the respective
length of the bars indicating the corresponding UF rate
(weight loss rate). The maximum limit is defined at 1100
ml/h. It can be taken from FIG. 2 that the lowering of the UF
rate, in the event of falling blood pressure, occurs with some
delay, i.e. takes place retrospectively.

[0072] FIG. 3 illustrates an example of the prospective UF
adaptation of the UF rate as a function of the predicted blood
pressure progress, in an exemplary embodiment of the inven-
tion. Analogous to the diagram according to FIG. 2, the
progress of the UF rate also depends on the blood pressure
progress in the illustration according to FIG. 3. However, the
UF rate has already been lowered in the exemplary embodi-
ment according to FIG. 3 before a sharp drop in the systolic
blood pressure occurs. This makes it possible to achieve
enhanced safety for the patient. It can also be seen in FIG. 3
that a subsequent, new rise in the blood pressure is predicted
in a prospective manner and the UF rate is again increased
before the blood pressure actually rises again.

[0073] In the prospective control in F1G. 3, the progress of
the blood pressure is detected by the neural networks 6 to 8
and the UF rate is controlled at an early point in time in such
a manner that a sharp drop in the blood pressure can be
avoided.
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[0074] The calculation of the prospective prognosis is car-
ried out prior to a therapy unit, e.g. during the preparation for
a dialysis therapy and with recourse to stored therapy
progress. To this end, a memory medium personalized for the
patient is provided, such as a patient card or a clearly defin-
able memory area on an internal or external data carrier, or in
an external memory (database), with which the dialysis
machine is cross-linked. During this phase, the structure of
the network can be adapted to the data, i.e. not only are the
weights of a predefined network calculated, but the structure
of the network is adapted too, e.g. the number of neurons or
hidden layers, to ensure an optimum learning process with the
existing data record. Likewise, the learning algorithm may be
adapted in order to obtain optimum results. This step requires
a lot of computational power since it includes the creation of
many prognoses and has to be carried out at a time when the
machine does not perform any functions which may be criti-
cal for the therapy unit or the patient. This is possible for
example during the preparation for the dialysis therapy or
even after completion of the dialysis therapy, during the stet-
ilizing of the dialysis machine.

[0075] During the dialysis therapy, said established neural
network will then also be used to evaluate new measured
values which have only been recorded during the dialysis
therapy, and to include them in the control in addition to the
previously computed prognosis of the entire therapy.

[0076] In one, more or all exemplary embodiments, the
process of learning intradialytic patient parameters is pro-
vided. An early detection of intradialytic morbidities may be
of great importance for the patient since it provides, among
other things, a better sense of well-being. The sense of well-
being can be provided by an early reaction to the future
behavior of the trained parameter (such as BD), with a manual
intervention (by the staff) or an automatic intervention (by the
dialysis machine) (e.g. change in the UF rate).

[0077] An artificial neural network basically consists of
input neurons, hidden layers, and their activation functions
and output neurons.

[0078] FIG. 4 illustrates an artificial neural network 40
comprising an input layer 41 with at least two inputs 42 x1,
x2, at least one hidden layer 43 comprising at least three
neurons 44 ), f,, f,, and at least one output layer 45 with at
least one output 46, f,. The outputs y, v, y, of the neurons 44
and 46 and the output y, comprising the activation functions
f), f,, f; and £, are calculated as follows:

Y11 F s 18)
Yo (Wi ¥ X +wpoT,)
V3 3(wia* ¥ twasns)
VaTfa(W 4P 1+ W24 Fy ot W3, *93)

[0079] Here, £, £,. f;, and £, represent the activation func-
tions. The activation functions can be usual mathematical
functions such as a Sigmoid function, threshold function, etc.

[0080] For generating the output (output signal) y,, the
three neuron output variables y,, y,, y;, after being assessed
(here multiplication with weights w4, W,,, W3,), are com-
puted, in this case added for instance.

[0081] Several network types with different numbers of
hidden layers 43 and different numbers of neurons 44 have
been tested. Changing the network model leads to diverging
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prognoses with one and the same learning algorithm. Thus,
there are infinite combinations between network types, which
lead to different results.

[0082] FIG. 5 shows the result from two networks which
have been trained with the same training algorithm, but have
different network structures. Both networks have been trained
with the Levenberg-Marquardt-Backpropagation algorithm.
Curve 50 shows the actual progress of the blood pressure.
Curve 52 is the result of the prognosis of a network with two
hidden layers, the first layer consisting of 30 neurons and the
second one of 28 neurons. Curve 51 reflects the prognosis
with the aid of a network which also consists of two hidden
layers, the first layer consisting of 36 neurons and the second
layer of 18 neurons. Hence, FIG. 5 shows a blood pressure
prognosis made by different network types.

[0083] Another factor which may result in different prog-
noses, is the use of different training algorithms. The process
of training the networks has been carried out, inter alia, using
the Bayesian Regulation-Backpropagation algorithm and the
Levenberg-Marquardt-Backpropagation — algorithm. The
evaluation of the performance of the output, the prognosis of
the blood pressure, has been evaluated with statistical ways
and means, such as Root Mean Square Error (RMSE) and
correlation, etc., and of visualization criteria.

[0084] FIGS. 7 and 8 illustrate diagrams of the progress of
the prognosis with the nonlinear autoregressive (NAR) net-
work and the nonlinear autoregressive exogenous (NARX)
network. With NARX networks, several input and output
parameters are expected.

[0085] Curves 70 and 80 show the actual progress of the
blood pressure. FIG. 7 shows a BD prognosis 71 with a NAR
network, whereas FIG. 8 illustrates a blood pressure progno-
sis 81 with a NARX network.

[0086] It can be taken from FIGS. 7 and 8 that the training
with the NARX network (FIG. 8) vields better results at the
beginning of the therapy unit, the NAR network (FIG. 7)
exhibiting a certain shift.

[0087] FIG. 6 shows a BD prognosis made by a network
using different training algorithms. Curve 60 shows the actual
progress of the blood pressure. FIG. 6 depicts the prognosis of
the blood pressure with both training algorithms: the Baye-
sian-Regulation-Backpropagation algorithm, illustrated by
curve 61 with round circles, and the Levenberg-Marquardt-
Backpropagation algorithm, visualized by curve 62 and pro-
vided with the “plus” symbol.

[0088] Other network types offer the possibility to take
various input parameters. Such networks are referred to as
nonlinear autoregressive exogenous networks (NARX). In
the illustrated exemplary embodiment, two input parameters
have been selected for this kind of network: the blood pres-
sure (BD) and the UF rate. It is also possible to select a higher
number of input parameters or other input parameters.

[0089] The data clearly show that the prognosis of BD
values on the basis of neural networks works well for the first
halfof the therapy unit, but shows shortcomings in the second
half. There, the deviations between the prognosis and the
measured BD increase. An improvement in the quality of the
prognosis is achieved in one, more or all exemplary embodi-
ments, in that blood pressures which have been measured
during the therapy unit are included in the evaluation and
recalculation of the prognosis, which are carried out during
the therapy unit. This takes place on the basis of the network
which has been defined in advance.
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[0090] 1In one, more or all exemplary embodiments, provi-
sion can be made to include additional input parameters and
more learning techniques to further improve the prognosis.
[0091] Theinclusion of the UF rate (inaddition to the blood
pressure) as an input parameter provided in one or more
exemplary embodiments leads to an even better prognosis of
the blood pressure. For this reason, several hemodynamic
parameters and parameters measured by the machine are
considered. These have been examined first in terms of their
correlation with the blood pressure.

[0092] FIG.9 shows coefficients of the correlation between
hemodynamic parameters and parameters recorded by the
machine sensors with the systolic blood pressure. As can be
seen in this diagram, 30 dialysis parameters and patient
parameters have been examined for their correlation with the
blood pressure. Numerous parameters had a correlation coef-
ficient of higher than 0.5. Some of these parameters reached
a correlation coeflicient of approximately 0.8, these param-
eters not having any relationship to the blood pressure. This
effect occurred due to the progress of said parameters. The
progress was almost constant. From this correlation method,
those parameters have been selected, which have, so to speak,
a close correlation with the blood pressure.

[0093] Subsequently, various feature selection algorithms
have been used on several parameters. These algorithms may
include for instance the minimum-Redundancy-maximum-
Relevance (mRmR) algorithm, which utilizes shared infor-
mation criteria between the blood pressure and other param-
eters, in order to establish a certain ranking ofthe variables, or
the Wrapper algorithm which is based on automatic learning
and tries to find the best performance, by adding or deleting
further variables; said best performance is then evaluated by
statistical means such as the mean square error method.
[0094] Several input variables have been selected for train-
ing the network, according to expert knowledge, data analysis
and feature selection algorithms, for instance one or more
parameters (in any combinations) or all of the following
parameters:

the ultrafiltration volume,

the arterial and venous pressure,

the hematocrit,

the relative blood volume,

the oxygen saturation,

the hemoglobin,

the ultrafiltration rate,

the heartbeat,

the absorbance of uremic toxins,

the systolic blood pressure,

the conductivity of the dialysis liquid (acid and base conduc-
tivity, pH-value),

the temperature of the dialysis liquid.

[0095] Next, generally, two algorithms of the type auto-
matic learning and one naive algorithm have been evaluated,
the neural networks including the feed forward neural net-
work (FF-NN) with and without tapped delayed lines (time
dependency (TDL-NN)), support vector regression (SVR)
with and without lag (overlapping,) and a naive algorithm
have been used, which naive algorithm extrapolates the exist-
ing blood pressure values to the next value. Cross validation
has been carried out during the training. Said validation
divides the courses of therapy, whose variables have to be
trained, into different blocks. To give an example, the first and
the last 10 therapy units are trained and the validation is
applied to the therapy units therebetween, or the training is
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made for the first therapy units and the validation for the last
ones. This achieves an increase in the training data. Thereaf-
ter, the network is selected, which has the best performance.
[0096] Inthe prognosis, a check has been made in terms of
time dependence, i.e. as to whether there are any old variable
values from the current therapy unit which have to be taken
into consideration in order to predict the current blood pres-
sure, with respect to a better performance of the prognosis by
the formation of ensembles, i.e. by combining various learn-
ing algorithms and different network structures of a training
algorithm, and with respect to the continuous prognosis of a
therapy.

[0097] Results of the individual experiments will be
explained in the following:

[0098] FIG. 10 shows the time dependency and illustrates
the blood pressure prognosis with and without a time delay,
for different learning algorithms.

[0099] FIG. 11 shows the formation of an ensemble and
gives a more detailed illustration of the prognosis of the blood
pressure during a therapy unit, by the formation of ensembles.
[0100] In one, more or all exemplary embodiments, the
continuous prognosis of a complete therapy may also be
provided.

[0101] FIG. 12 shows the continuous prognosis of a com-
plete therapy, with a neural network with feed forward, FF-
NN (Feed Forward Neural Network).

[0102] It can be seen in FIG. 10 that the neural network
involving the feed forward (Feed Forward Neural Network
(FF-NN)) shows the best adaptation to the curve profile.
[0103] A good prognosis has also been achieved with the
naive algorithm. However, said prognosis fluctuates around
the real blood pressure, which is due to the permanent, linear
extrapolation of the last two measured blood pressures to the
next S-minute-interval.

[0104] From FIG. 10 as well as from the experiment on
time dependency, it can further be concluded that blood pres-
sure measurements can be predicted with the FF-NN without
including old or current blood pressure values, as measured in
the current therapy unit, in the prognosis.

[0105] Table 1 shows the results of the MSE of the experi-
ment with time dependency for the different learning algo-
rithms. FF-NN further shows the smallest MSE of 120.495.
The naive algorithm shows the second-best MSE. This is due
to the linear extrapolation, as described above. All other
MSEs show very high values and hence represent prognoses
of poor quality.

TABLE 1

List of the results of the MSE from the
experiment involving time dependency

Patient  Naive TDL-NN Lagged SVR FF-NN SVR
1 62.5 104.4 188.2 524 2435
2 162.5 282.8 350 1531 4052
3 230.6 245.5 515 167.5 1328
4 108.2 184.9 42553 1221 2675
5 148.6 319.8 325 119.5 2101
6 172.5 167.7 883 1082 1728
Mean  147.5 2175 4478 1205 2386
[0106] ItcanbeseeninFIG. 11 that almost every ensemble

formation follows the progress of the blood pressure, except
for the SVR lag ensemble. It can be established that the
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FF-NN ensemble and the SVR & FF-NN ensemble are the
two curves which follow the blood pressure most accurately.
[0107] FIG. 12 illustrates the continuous prognosis of a
therapy unit, in which the blood pressure is predicted every
second.

[0108] In all evaluations, statistical means, such as the
MSE, the hit ratio describing the spread or deviation of a
predicted blood pressure with respect to the original blood
pressure, and statistical algorithms such as the Aikake infor-
mation criteria (AIC) and the Bayesian information criteria
(BIC) are used, which assess the performance of the progno-
sis.

[0109] The exemplary embodiments and Figures illustrate
the results which have been achieved up to now, relating to the
prognosis of blood pressures and with the inclusion of blood
pressure measurements and UF rates of past therapy units.
However, the invention is not limited thereto.

[0110] In principle, the prognosis of other parameters of a
patient, e.g. hematocrit, relative blood volume, oxygen satu-
ration, etc., is possible with similar technology.

[0111] Nor is the number of the input parameters in the
neural network limited to the parameters which are used here,
and may also include (in addition to former blood pressure
values and UF rates) other parameters such as hematocrit,
relative blood volume, oxygen saturation, etc.

1-15. (canceled)

16. A device for predicting intradialytic parameters com-
prising:

a memory device for storing at least one of patient-indi-
vidual intradialytic parameters, laboratory parameters,
or machine parameters; and

a prognosis unit configured to provide a prognosis of
patient-specific parameter progress during a dialysis
treatment based on the stored parameters.

17. The device according to claim 16, wherein the patient-
individual intradialytic parameters are at least one of blood
pressure or the relative blood volume (RBV).

18. The device according to claim 16, wherein the labora-
tory parameters are at least one of albumin or urea.

19. The device according to claim 16, wherein the machine
parameters are at least one of venous pressure (PV) or arterial
pressure (PA).

20. The device according to claim 16, further comprising a
display configured to display a trend in the progress of the
desired parameter.

21. The device according to claim 16, further comprising a
biofeedback system which uses the prognosis as an input and
automatically takes counter-measures selected from the
group consisting of UF reduction, LF change, change in the
temperature of the dialysis liquid, and an injection of an
isotonic solution.

22. The device according to claim 16, further comprising at
least one sensor or memory arrangement for detecting or
storing at least one of venous pressure (PV), arterial pressure
(PA), transmembrane pressure (TMP), conductivity (LF) of
the dialysis liquid, or temperature (DT) of the dialysis liquid.

23. The device according to claim 16, further comprising at
least one sensor or memory arrangement for detecting or
storing at least one of absorbance of uremic toxins or hema-
tocrit (HCT).

24. The device according to claim 16 further comprising at
least one sensor or memory arrangement for detecting or
storing at least one of albumin or urea parameters.
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25. The device according to claim 16 further comprising:

a training unit, wherein the training unit is designed to
carry out a learning phase first, whereupon the training
unit forwards trained values of an integrated training
algorithm to the prognosis unit which makes a predic-
tion for the prognosis of the future progress of param-
eters to be determined or monitored, wherein the prog-
nosis parameters can be evaluated, compared with
threshold values, and/or displayed.

26. The device according to claim 25, in which the training
unit, the prognosis unit, and/or a means of forming prognosis
parameters are each designed as an artificial neural network
and/or used as support vector machines.

27. The device according to claim 16, further comprising
an alarm unit for outputting a warning and an estimated
progress to be expected.

28. The device according to claim 16, further comprising a
controller that controls interventions based on the prognosis
parameters and the current parameters.

29. The device according to claim 16, configured to:

adapt and train, during an initial phase, the structure of a

neural network comprising an input layer with at least
two inputs, at least one hidden layer comprising at least
three neurons, and at least one output layer with at least
one output;

adapt the at least one output to the input data;

calculate the weights of a predefined network; and

alter at least one of the number of the neurons or the

number of hidden layers in order to optimize learning
process with an existing data record and to adapt the
learning algorithm.

30. The device according to claim 29, in which the training
of the networks is performed with the Bayesian Regulation
Backpropagation and Levenberg-Marquardt Backpropaga-
tion algorithms as the training algorithms, and/or the progress
of the prognosis is evaluated with a nonlinear autoregressive
(NAR) network and/or with a nonlinear autoregressive exog-
enous (NARX) network.

31. The device according to claim 16, wherein the param-
eters include at least one of the following input parameters, in
addition to the blood pressure:

ultrafiltration rate, UF rate;

ultrafiltration volume;

arterial and venous pressure;

hematocrit;

relative blood volume;

oXygen saturation;

hemoglobin;

ultrafiltration rate;

heartbeat;

absorbance of uremic toxins;

systolic blood pressure;

conductivity of the dialysis liquid (acid and base conduc-

tivity, pH value); and/or

temperature of the dialysis liquid; and/or

further learning techniques.

32. A method of predicting intradialytic parameters such as
blood pressure, wherein at least one learning algorithm and/or
at least one neural network are provided comprising:

storing at least one of patient-individual intradialytic

parameters, laboratory parameters or machine param-
eters; and
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providing a prognosis of patient-specific parameter
progress during a dialysis treatment based on the stored
parameters.

33. The method according to claim 32, wherein the patient-
individual intradialytic parameters include at least one of the
blood pressure or relative blood volume (RBV).

34. The method according to claim 32, wherein the labo-
ratory parameters include at least one of albumin or urea.

35. The method according to claim 32, wherein the
machine parameters include at least one of venous pressure
(PV) or arterial pressure (PA).

36. The method according to claim 32, further comprising:

displaying a trend during the progress of the desired

parameter.
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