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SYSTEMS, DEVICES AND METHODS TO DELIVER BIOLOGICAL FACTORS OR

DRUGS TO A SUBJECT

CROSS REFERENCE TO RELATED APPLICATIONS

[0001] The application claims priority under 35 U.S.C. § 1 19 to U.S. Provisional

Application Serial No. 61/303,555, filed, February 11, 2010, the disclosure of which is

incorporated herein by reference.

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH

[0002] This invention was made with Government support under Grant No.

DK085628-01 awarded by the National Institutes of Health. The Government has certain

rights in this invention.

TECHNICAL FIELD

[0003] The invention relates to management of drug levels or biological factors in a

subject. The invention further pertains generally to management of glucose and insulin

delivery levels to mimic a natural beta cell, and more particularly, to an apparatus and

method for real-time control of insulin dosing and monitoring of plasma glucose levels.

BACKGROUND

[0004] Maintaining circulating levels of a drug or other biological factors in a subject

is important for proper treatments and biological function.

[0005] Diabetes mellitus affects over 100 million individuals worldwide. In the US,

the estimated healthcare costs of the 12 million affected is estimate to be 136 billion dollars

annually. Diabetes mellitus is a disorder of the metabolism that is characterized by the

inability of the pancreas to secrete sufficient amounts of insulin. Insufficient amounts of

insulin results in large fluctuations in blood glucose levels can have both short-term and long-

term physiological consequences. Long-term complications arising from elevated blood

glucose levels (hyperglycemia) in patients with Type 1 diabetes include retinopathy,

neuropathy, nephropathy and other vascular complications. Low glucose levels

(hypoglycemia) can lead to diabetic coma, seizures, accidents, anoxia, brain damage,

decreased cognitive function, and death.

[0006] The conventional approach to glucose regulation in diabetic patients includes

3-5 daily insulin injections, with the quantity of insulin being determined by 4-8 invasive

blood glucose measurements each day. This method of insulin delivery is painful,

inconvenient and may be unreliable due to the pharmacokinetics of the insulin analogues that

are typically used. Pen devices have been developed to make insulin delivery more



convenient; however, the inability to mix insulin or insulin analogue types is a disadvantage.

Several other routes of insulin delivery have been studied as an alternative to insulin

injections including inhalation and transdermal insulin delivery. Others have explored the

efficacy of continuous subcutaneous insulin infusion (CSII) using a pump. This has mainly

been done in comparison to conventional insulin therapy or multiple daily insulin injections

(MDI). Continuous subcutaneous insulin infusions by external insulin infusion pumps

normally use rapid-acting insulin analogues.

[ 0 0 0 7 ] Typical fixed dosage approaches assume that the metabolic demands of each

day are metabolically similar, and that the fixed dosages adequately anticipate the timing and

quantity of insulin that is required by the patient.

[ 0 0 0 8 ] Unfortunately, blood glucose fluctuations continue to occur uncontrollably in

many patients beyond the normal range of 70-120 mg/dl, exacerbating the risks of physical

complications. Periodic episodes of hypoglycemia and hyperglycemia may occur when the

insulin needs of the patient deviate from the levels predicted by regimen and present in the

bloodstream.

[ 0 0 0 9 ] The development of external insulin infusion pumps, along with the

introduction of rapid acting insulin analogs has greatly aided in making intensive insulin

therapy feasible. The efficacy of the insulin therapy is quantified by measurement of the

percentage of glycosylated hemoglobin in the bloodstream (AIC). Values less than 6% are

seen in normal healthy people without diabetes; whereas, higher percentages are indicative of

sustained hyperglycemia.

SUMMARY

[ 0 0 1 0 ] The disclosure provides an artificial pancreatic β-cell based on "Zone-MPC"

that uses mapped-input data, and is automatically adjusted by linear difference personalized

models. The approach described herein can also use average patient models. Control to range

is, in general, applied to controlled systems that lack a specific set point with the controller

goal to keep the controlled variables (CV) in a predefined zone. Control to range is highly

suitable as an artificial pancreatic β-cell because of the absence of a natural glycemic set

point rather than of a euglycemic zone. Moreover, using Zone-MPC leads to a reduction in

control moves that will improve the energy efficiency of portable insulin pumps and will

minimize oscillatory profiles of insulin delivery.

[ 0 0 1 1 ] Zone-MPC was evaluated on the FDA-accepted UVa-/-U. Padova metabolic

simulator. The control was based on ARX-models that were identified in a novel approach by

mapping insulin and meal inputs by over-damped second-order transfer functions. The



mapped inputs are used as additional state variables in the Zone-MPC formulation that enable

a larger memory to the insulin administration. Zone-MPC has shown the ability to handle

announced and unannounced meals with meal uncertainties. Zone-MPC showed significant

advantages over the "optimal" open-loop treatment. Moreover, the Zone-MPC reduces the

control moves variability with minimal loss of performance compared to set-point control.

The ability to attenuate pump activity in the face of noisy continuous glucose monitoring

(CGM) has been demonstrated by Zone-MPC, which will result in safer insulin delivery as

well as minimize power drain. An enabling step toward a commercial product is the ability to

proceed from CGM measurements directly into a functional controller in a fully automated

fashion-has been demonstrated. Personalized Zone-MPC is a perfect candidate for the fully

automated artificial pancreatic β-cell.

[0012] The disclosure provides a method of continuous monitoring and delivery of a

drug or biological agent to a subject. The method comprises obtaining values associated with

blood levels of a drug or biological agent for a subject; mapping the data using a transfer

function; generating a linear difference model comprising a plurality of states; obtaining a

defined value zone for the drug or biological agent in the subject; calculating a next

administration dose and/or time of delivery of the drug or biological agent based on a

predicted drug or biological agent value using the linear difference model and the defined

zone; delivering the drug or biological agent to the subject based upon the calculated next

administration. The biological agent may be a secondary (e.g., a byproduct or induced factor

vs. the direct biological agent or active agent). The value can be the blood concentration of

the active agent or the byproduct or a physiological symptom (e.g., temperature). In various

embodiments the values are obtain in an open-loop system and may be obtained under

clinical care. In one embodiment, the the drug or biological agent is insulin and/or glucose.

For example, in some embodiments, the value data comprises insulin and glucose levels in a

subject. In yet another embodiment, the method is used to treat diabetes.

[0013] The disclosure provides a method for regulating insulin and glucose

comprising obtaining insulin and meal data values and continuous glucose monitoring

(CGM) data values for the subject; mapping the insulin (I) and meal (M) data values using

transfer functions:



[0014] to obtain new states I map and M m p , wherein τ are time points of measurement;

generating a linear difference model comprising

[0015] wherein γ ί and δί represent weighting factors for insulin and meal,

respectively, after being absorbed into the blood; obtaining a predefined glycemic zone for

the subject; calculating a next insulin administration based on a predicted glycemic value

using a linear difference model and a predefined glycemic zone; and delivering insulin to the

subject based upon the calculated next insulin administration. In one embodiment, the

delivery of insulin varies temporally and by dose. In another embodiment, the delivery of

insulin is a continuous or discrete infusion. In one embodiment, the insulin is a human

insulin, a mammalian insulin or an insulin analog. The glucose data can comprise episotic

glucose measurements or self-monitoring measurements. The glucose measurement may be

obtained subcutaneously, intravenously, intraperitoneally, or noninvasively. The CGM data

is obtain from a sensor taken from the group of sensors consisting essentially of an implanted

glucose sensor, an optical glucose sensor, enzymatic glucose sensor and a finger stick glucose

sensor.

[0016] The administration is performed by a drug or insulin delivery pump or device.

For example, a computerized implanted drug or insulin pump.

[0017] The methods of the disclosure may be implemented through a computer

controlled pump or sensor. The computer may be a PDA device or other hand-held devices.

[0018] The disclosure also provides an automated pump system (e.g., an insulin pump

system) comprising a controller that implements an automated method of the disclosure,

wherein an insulin or insulin analog is delivered to a subject by the pump.

[0019] In some embodiments, the computer controlled or automated method is

implemented via a web-based application, wireless system or other computer data transfer

means.

BRIEF DESCRIPTION OF THE FIGURES

[0020] Figure 1 shows a protocol that facilitates the separation of meal and insulin

effect on blood glucose.



[0021] Figure 2A-B is a plot showing insulin and meal inputs are mapped through

second-order transfer functions and as a result, are spread and separated. Figure A describes a

typical input data collected from TIDM subjects: the meals and insulin are assigned as pulses

over relatively close discrete time instances. Figure B depicts the result of transformed inputs,

where each pulse becomes a prolonged time response.

[0022 ] Figure 3 is an illustration of Zone-MPC in the context of diabetes; Zone-MPC

is typically divided into three different zones. The permitted range is the control target and it

is defined by upper and lower bounds. For example, the green dots in the figure indicate

predicted glycemic values that are in the permitted range. The upper zone represents

undesirable high predicted glycemic values that are represented by orange dots in the figure.

The lower zone represents undesirable low predicted glycemic values that represent

hypoglycemic zone or a pre-hypoglycemic protective area that is a low alarm zone. The

Zone-MPC optimizes the predicted glycemia by manipulating the insulin control moves to

stay in the permitted zone under specified constrains.

[0023] Figure 4 shows a model prediction structure in the Zone-MPC includes two

parts. First is second order transfer function that is unvaried over the different subjects.

Second is an individualized discrete model that predicts the glycemia given mapped input

data. The overall prediction is a result of raw data containing past outputs, inputs and future

manipulated control moves that are going through the transfer functions and mapped into the

new states (Imap, Mmap) into the individualized discrete model to give the glycemia

prediction.

[0024] Figure 5 is a comparison between experiments 1 to 4 as applied to UVa

subject #5. Experiments 1 to 4 are represented by grey triangles and red, blue and black

circles, respectively. Figures (a) and (b) depict the glycemic response and the insulin

administration, respectively. The dashed black line indicates on 60 and 180 [mg/dL]. The

insulin administration is presented in semi-logarithmic scale to include the open-loop bolus

treatment, and the controller insulin administrations, in a single plot.

[0025] Figure 6 shows the population result of experiments 1 to 4, (a) to (d),

respectively, on ten UVa-/-U.Padova subjects. The grey area bounds are the minimum and

maximum points at each given time instant, the green solid line is the mean glycemic

response and the dashed red lines are the mean glycemic standard deviation envelope at each

time instant. Glucose distribution for experiments 1 to 4 is presented in the histogram plots.



[0026] Figure 7 shows a comparison between experiments 1, 5, 6 and 7 when applied

to UVa subject #5. Experiments 1, 5, 6 and 7 are represented by grey triangles and red, blue

and black circles, respectively. Figures (a) and (b) depict the glycemic response and the

insulin administration, respectively. The insulin administration is presented in semi-

logarithmic scale to include the open-loop bolus treatment, and the controller insulin

administrations, in a single plot.

[0027] Figure 8 shows population result of experiments 1, 5, 6, and 7 on 10 UVa-/-

U.Padova subjects. The grey area bounds are the minimum and maximum points at each

given time instant, the green solid line is the mean glycemic response and the dashed red

lines are the mean glycemic standard deviation envelope at each time instant. Glucose

distribution for experiments 1 5, 6, and 7 is presented in the histogram plots.

[0028] Figure 9 is a population result of experiments 2, 8, and 9 on 10 UVa-/-

U.Padova subjects. The grey area bounds are the minimum and maximum points at each

given time instant, the green line is the mean glycemic response and the dashed red lines are

the mean glycemic ±STD at each time instant. Glucose distribution for experiments 2, 8, and

9 is presented in the histogram plots.

[0029] Figure 10A-C shows various flow charts of

embodiments of the disclosure.

DETAILED DESCRIPTION

[0030] As used herein and in the appended claims, the singular forms "a," "and," and

"the" include plural referents unless the context clearly dictates otherwise. Thus, for

example, reference to "a pump" includes a plurality of such pumps and reference to "the

processor" includes reference to one or more processor, and so forth.

[0031 ] Also, the use of "or" means "and/or" unless stated otherwise. Similarly,

"comprise," "comprises," "comprising" "include," "includes," and "including" are

interchangeable and not intended to be limiting.

[0032 ] It is to be further understood that where descriptions of various embodiments

use the term "comprising," those skilled in the art would understand that in some specific

instances, an embodiment can be alternatively described using language "consisting

essentially of or "consisting of."

[0033] Although methods and materials similar or equivalent to those described

herein can be used in the practice of the disclosed methods and compositions, the exemplary

methods, devices and materials are described herein.



[0034 ] Unless defined otherwise, all technical and scientific terms used herein have

the same meaning as commonly understood to one of ordinary skill in the art to which this

disclosure belongs. Thus, as used throughout the instant application, the following terms

shall have the following meanings.

[0035] Maintaining proper circulating levels and therapeutic levels of a drug or

biological factor is important in treatment of various diseases and disorders and biological

function. Hormone, drug and biological factor delivery and modulation is important in

homeostasis, body function and proper metabolism. Hormones (and cytokines and other

biological factors) are released in response to various body functions, external stimuli,

metabolic changes, and growth, to name a few.

[0036] The disclosure provides an algorithm, sampling process and delivery system

that maintains drug or hormone (including cytokine and other biological factors) levels within

a proper zone for proper biological activity. Although the disclosure describes, as an

example, glucose and insulin, the examples are illustrative only and are not limiting. Rather,

the methods, systems and devices can be used for other biological activity agents including

drugs, hormones (including cytokines, and other factors) and the like. Furthermore, the

methods, systems and devices can be used in the monitoring and regulation of drug delivery

to maintain a desired steady state in a subject. These and other embodiments of the

disclosure will be apparent in view of the description herein below.

[0037 ] It will be recognized that the disclosure is not limited to a particular drug or

analog, but rather includes human insulin, mammalian insulin, pro-insulin, insulin analogs

and the like. Similarly, drugs, prodrugs, drug analogs and the like are included in the

methods of the disclosure.

[0038 ] The disclosure utilizes a linear difference model in combination with a model

predictive control (MPC) algorithm to control drug delivery with in a zone of desired values.

MPC algorithms are classified into four approaches to specify future process response: fixed

set point, zone, reference trajectory, and funnel. Using a fixed set point for the future process

response can lead to large input adjustments unless the controller is detuned. A zone control

is designed to keep the controlled variable (CV) in a "zone" defined by upper and lower

boundaries that are usually defined as soft constraints. Some MPC algorithms define a

desired response path for the CVs, called reference trajectory. The reference trajectory

usually describes a define path from current CV state to a desired set point. The reference

trajectory control returns to a fixed set-point control when the CV approaches the defined set

point. The Robust Multivariable Predictive Control Technology (RMPCT, Honeywell Inc.,



1995) attempts to keep the CV in a defined zone; however, when the CV is out of the zone, a

funnel is defined to bring the CV back into the zone.

[0039] Zone-MPC is applied when a CV's specific set-point value is of low relevancy

compared to a zone that is defined by upper and lower boundaries. Moreover, in the presence

of noise and model mismatch there is no practical value using a fixed set point. A detailed

description of Zone-MPC was presented by Maciejowski. Our Zone-MPC is implemented by

defining fixed upper and lower bounds (Figure 2) as soft constrained by letting the

optimization weights switch between zero and some final values when the predicted CVs are

in or out of the desired zone, respectively. The predicted residuals are generally defined as

the difference between the CV that is out of the desired zone and the nearest bound.

[0040] The disclosure provides an artificial pancreatic β-cell based on "Zone-MPC"

that uses mapped-input data, and is automatically adjusted by linear difference personalized

models. The methodology has also been extended to average patient models. Control to range

is, in general, applied to controlled systems that lack a specific set point with the controller

goal to keep the controlled variables (CV) in a predefined zone. Control to range is highly

suitable as an artificial pancreatic β-cell because of the absence of a natural glycemic set

point rather than of a euglycemic zone. Moreover, using Zone-MPC leads to a reduction in

control moves that will improve the energy efficiency of portable insulin pumps and will

mimimize oscillatory profiles of insulin delivery.

[0041] Type 1 diabetes mellitus (TIDM) is characterized by the loss of the natural

ability to produce insulin that is crucial to maintaining euglycemia and, without proper

treatment with exogenous insulin injections, causes severe life-threatening complications.

People with TIDM lose their ability to regulate their glycemic levels and suffer from long

periods of hyperglycemia. The most common remedy offered to TIDM subjects is open-loop

insulin injections; however, large numbers of subjects who are treated by open-loop

injections still suffer from prolonged periods of hyperglycemia resulting in complications

such as retinopathy, nephropathy, neuropathy, and vascular complications.

[0042 ] The development of an artificial pancreas based on an automatic closed-loop

algorithm that uses a subcutaneous insulin pump and continuous glucose sensor is desirable.

However, closing the loop for the artificial pancreas still presents many challenges including

model identification and control.

[0043] The quest for artificial pancreatic β-cells started nearly four decades ago.

These devices can be described as external or internal closed-loop systems that use



continuous glucose measurements to manipulate insulin administration, and therefore

compensate for the loss of natural abilities of glucoregulation of people with T1DM.

[004 ] Model predictive control (MPC) is a computer control algorithm that uses an

explicit process model to optimize future process response by manipulating future control

moves (CM). The MPC concept was developed in the early 1970's and was referred to as

identification and control (IDCOM) or as dynamic matrix control (DMC) by Shell engineers.

Although MPC was originally implemented in petroleum refineries and power plants, it can

be found these days in wide variety of application areas including aerospace, food,

automotive and chemical applications. The most significant of the reasons for the popularity

of MPC includes its handling of constraints, it accommodation of nonlinearities, and its

ability to formulate unique performance criteria.

[0045] MPC optimizes every control cycle with a cost function that includes P future

process instants, known as prediction horizon, and M future control moves (CM), the control

horizon. In each cycle, the optimization is repeated using updated process data. However,

only the first control move of each optimized sequence is sent to the process. Process inputs

and outputs constraints are included directly such that the optimum solution prevents future

constraint violation.

[0046] Model predictive control (MPC) is a promising algorithm for controlling

substance delivery to a subject (e.g., an artificial pancreas control algorithm). MPC is an

optimal control algorithm that has been used in the chemical process industries over the last

four decades. MPC is based upon repeated open-loop optimizations that minimize a cost

function by using model-based predictions.

[0047 ] The process of developing the algorithm includes developing based levels and

predicted levels. Mearurements of biological materials in the clinic can be used to develop

various baseline and values for developing the algorithm. In one embodiment, clinical data,

usually include discrete information about insulin delivery and meals, is used to generate

personalized models. Mapping clinical insulin administration and meal history through two

different second-order transfer functions improves the identification accuracy of these

models. Moreover, using mapped insulin as an additional state in Zone-MPC enriches the

information about past control moves and thereby reduces the probability of over-dosing.

[0048] The disclosure provides a drug/biological factor injection process and systems

referred to as "Zone-MPC" that uses mapped-input data, and is automatically adjusted by

linear difference personalized models for modulating and injecting a biological substance

including a hormone, cytokine, drug, or other factor. Control to range is, in general, applied



to controlled systems that lack a specific set point with the controller goal to keep the

controlled variables (CV) in a predefined zone.

[0049] In one embodiment, the disclosure provides an artificial pancreatic β-cell

based on "Zone-MPC" that uses mapped-input data, and is automatically adjusted by linear

difference personalized models. Control to range is, in general, applied to controlled systems

that lack a specific set point with the controller goal to keep the controlled variables (CV) in a

predefined zone. Control to range is highly suitable as an artificial pancreatic β-cell because

of the absence of a natural glycemic set point rather than of a euglycemic zone. Moreover,

using Zone-MPC leads to a reduction in control moves that will improve the energy

efficiency of portable insulin pumps.

[0050] Referring to Figure 10, a flow chart of embodiments of the disclosure is

depicted. The flow charts are directed to glucose and insulin, however, it will be recognized

that other drugs, hormones and the like may be similarly processed in the methods and

systems of the disclosure. As shown in box 10, open loop data collection of insulin meals is

obtained. The data can be obtained by feeding a subject followed by bolus injection of

insulin. The obtained data is then used to map insulin meal levels (box 20) . As shown in box

30, continuous glucose blood measurements are obtained. Such levels can be detected using

any number of glucose sensors. An automatic model identification formula is then identified

(from a plurality of different autoregression exogenous (ARX) input models) based upon the

measured and mapped insulin meals and glucose measurements (box 40) . The model then

may be further improved by re-optimization of the autoregression exogenous input model

(box 50) . This optimized autoregression exogenous input model is the used as an

individualized linear difference model (box 60) which may comprise a plurality of linear

states.

[0051 ] The obtained linear difference model (box 60) is then used to support the

evaluation and determination of the next drug/factor delivery time and dose (box 90) in

combination with a predefined clinical dose zone (see, e.g., Figure 10B, box 100) . As used

herein a "dose zone" comprises a lower limit blood concentration and an upperlimit blood

concentration of a particular biological agent. In other embodiments of the disclosure,

alternative physiological variables can be controlled to a "zone", including blood pressure,

oxygen saturation, lactate, and temperature using methods of the disclosure. In the case of

glucose, the dose zone or "glycemic zone" comprises the upper and lower level of the

targeted glucose concentration in the blood. The methods and systems of the disclosure are

used to keep the biological factor (e.g., glucose) within the "zone". As depicted in Figure 10,



box 110, insulin, for example, is delivered to the subject, followed by a glucose measurement

and an evaluation of both current and past insulin, meal and glucose levels (boxes 120 and

130). This information is fed back into the Zone-MPC process algorithm (box 90) and the

cycle repeats.

[0052] A slightly different depiction of the process is depicted in Figure IOC. In this

depiction the linear difference model (box 60) in combination with controller weights (box

150) and zone settings (box 100) are fed into the Zone-MPC algorithm (box 90) to determine

the dose and timing of the next biological agent delivery (e.g., delivery of a drug, hormone

such as insulin and the like) to the subject (box 160).

[0053] As depicted in the flow charts, Zone-MPC model is based on linear difference

equations that are initiated by an auto-regression with exogenous input (ARX) model that is

selected by its prediction competency and then re-optimized to improve its prediction

abilities. The ARX model that serves as the basis for a linear difference equation predictor for

the Zone-MPC is chosen from a catalog of ARX-model candidates. The different ARX-

models are scored by their prediction competencies over a fixed horizon and the ARX-model

that scores the higher prediction R 2, equation (1), over a fixed horizon is then re-optimized to

give a new linear difference equation that will be the Zone-MPC predictor.

[0054] Equation (1) presents the R 2 index, where is a vector of collected data

points, y is the mean of the collected data points, and y e R^is the predicted value. The R 2

index approaches 1 for perfect model predictions and 0 for models that do not predict better

than a constant mean value.

[0055] Linear difference equations use past input/output discrete records to generate a

future discrete prediction. For example, Equation (2) describes the connection between the

predicted output y at instant k and the past p and q output and input records, respectively.



[0056] In the presence of observed data y < N , where N are the number of

collected data points, a linear regression can be performed to establish the regression vector

Θ values by minimizing the sum squares of errors between the N data records y and

predicted values y as it is formulated in equation (3).

[0057] The regression on the past output regressors, [« ... ] , is defined as auto-

regression, and the model is referred to as an ARX model.

[0058] The determination of the ARX-model output order, input order and delay, is

subject to data validation and complexity considerations. ARX model identification is

initialized by the researcher's decision based upon reasonable orders and delays. A pool of

ARX models are then generated by the different combinatory combinations of orders and

delays, and each ARX-model is appraised by its prediction abilities on calibration data and

typically on validation data. Some tradeoff can be formulated between model prediction

abilities and the ARX-model complexity, for example, the Akaike information criterion

(AIC). However, the quality of the collected data for identification will eventually govern the

identification.

[0059] In order to best simulate an in vivo experiment, a data collecting protocol was

applied to the FDA-accepted UVa-/-U.Podava metabolic simulator. In the data-collecting

protocol (Figure 1), no adjustments to daily routine are prescribed in day one. Both days two

and three start at 7 am with a 25 g carbohydrate (CHO) breakfast with no insulin bolus,

followed by a correction bolus at 9 am; at 1pm a 50 g CHO lunch is taken together with a

correction bolus. A 15 g CHO snack without a correction bolus is given at 5 pm, and a 75 g

CHO dinner without bolus is given at 8 pm. Day four and five start at 7 am with a 25 g CHO

breakfast accompanied by an insulin bolus, then a 50 g lunch is consumed at 12 pm, and an

insulin bolus is given at 2 pm. At 8 pm a 75 g CHO dinner without insulin bolus is given and



at 10 pm an insulin bolus is administered. On the sixth day the response to a pure bolus from

fasting conditions is tested by bolus administration at 9 am.

[ 0 0 6 0 ] The data of meal and insulin inputs are mapped through second-order transfer

functions (Equation(4)) to overcome an identification problems: a large gain uncertainty is

caused by the opposite effects of meal and insulin that are frequently delivered in close time

instants. Losing the ability to distinguish between meal and insulin gains can produce poor

models for control. However, mapping the input data using two different second-order

transfer functions (Figure 2) separates and spreads the input data, providing better terms to

regress for the model. Clinical observations and pharmacokinetic/pharmacodynamic data

suggest that, on average, the effect of insulin on blood glucose is observed 30 minutes after

injection, and that the effect of meals on blood glucose is observed after 20 minutes. This a

priori knowledge has been used to d ign the following second-order transfer functions:

[ 0 0 6 1 ] Equation (4) describes the transfer functions used to map the measured insulin

and meal, and M respectively into new states Imap and M map. 1-4 represents time constants

1-4 respectively. Equation 4a shows a similar model in which the time constants have been

set to 30 minutes, 25 minutes, 10 minutes and 45 minutes.

[ 0 0 62 ] The ARX-model regressors are normally set by a one step shift of the

output/input data, such that each prediction at time instant k is evaluated by the recorded

output/input data until time instant k-1. However, the predicted output at instant k is highly

correlated to the output measurement at instant k-1, especially when the sampling time is

relatively short. This can lead to ARX-models that lose their predictive capabilities.

[ 0 0 6 3 ] An addition in the suggested identification procedure is tuning the ARX

regressors using horizon prediction optimization. Horizon prediction optimization minimizes

the recursive prediction over a defined prediction horizon (PH). Horizon prediction

optimization uses the overall sequences of predicted values, starting at a one step prediction,



and containing the overall prediction till PH steps after. This differ other generic

optimizations that usually use solely the values after PH sampling times. The horizon

prediction optimization cost function (Equation (6)) attempts to minimize the normalized-

sum-squares-of-errors (SSE) between the output recorded data, y and the recursive prediction,

y rec- In the horizon prediction optimization, unlike in the linear regression that is performed in

common ARX modeling, the value of vector y rec is updated after each PH cycle. The value of

the predicted at instant s a function of past predictions k-1 until p , where p is the order

of the auto-regressors. The past values of are set to be equal to the past values ofy after

each recursive prediction to the length of PH. The result is a set of recursive prediction

segments that cover the length of abs (N / PH) PH , where N is the number of data records.

The initial condition for the horizon prediction optimization is the one-step-ahead ARX-

model solution, which can be generated instantly. Moreover, constraints are applied to the

new linear difference equation that results from the horizon prediction optimization. The

following five constraints are applied to the optimization to prevent models from being

unstable, having non-physical gains, or having inverse responses and so that they may be

suitable for the predictive control:

1. For stability, the roots of the following of the characteristic

polynomial, zP - α1z
P 1 - α2z

P 2 ···- α p , are all inside the unit circle, where

[ α1 α2 ···- αp ] are the auto regressors.

2. Negative insulin gain requirement, , where [ β1
β 2···- β p] are the insulin

regressors.

3. Positive meal gain requirement, , where [γ 1 γ 2···- γ p ] are the meal

regressors.

4. No inverse response in insulin, sign([ β 1. . .βq1] ) = 0 , where sign is defined by Equation

(5).

5. No inverse response in meal, sign = 0 .



[0064] Equation (5) describes a Boolean function that results in 0 if provided with a

vector that has elements on only one side of the origin {i.e., all positive or all negative). The

function results in 1 if provided with a vector that has at least two elements from different

sides of the origin.

[0065] Equation (6) describes the cost function V of the horizon prediction

optimization, where ydata(k) is the data record at instant k, y rec(k) is the recursive prediction at

instant k. Imap and M map are the mapped insulin and meal data records, respectively p , qi, and

q2 are the order of the output (glycemia), insulin, and meal respectively, and di and ¾ are the

insulin and meal delays in sampling time, respectively. a , k ,and are the regressors of

the glucose, insulin, and meal, respectively.
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[0066] Equation (7) describes a typical objective function used in the MPC format

engaging three contributions: future output trajectory ( y k+j ) deviation from desired output

trajectory over a prediction horizon P future input (uk+j) deviation from nominal

value us over control horizon M ; and control moves increments (∆ uk+ ) over control horizon



M. The relative share of each of the four components of the objective function is managed by

the time dependent weight matrices Qj, Sj, and Rj. The optimization is conducted under model

constraints (xk+j ar h model state variables), upon constraints on maximum and minimum

nominal input values (u
min

and umax), and on minimum and maximum control moves

increments ( ∆ulow and ∆uup ) . The solution of the optimization using the objective function

described by Equation (7) is the vector .

[0067] The different MPC algorithms can be classified into four approaches to

specify future process response: fixed set point, zone, reference trajectory, and funnel. Using

a fixed set point for the future process response can lead to large input adjustments unless the

controller is detuned. A zone control is designed to keep the controlled variable (CV) in a

zone defined by upper and lower boundaries that are usually defined as soft constraints. Some

MPC algorithms define a desired response path for the CVs, called reference trajectory. The

reference trajectory usually describes a define path from current CV state to a desired set

point. The reference trajectory control returns to a fixed set-point control when the CV

approaches the defined set point. The Robust Multivariable Predictive Control Technology

(RMPCT, Honeywell Inc., 1995) attempts to keep the CV in a defined zone; however, when

the CV is out of the zone, a funnel is defined to bring the CV back into the zone.

[0068] Zone-MPC is applied when a CV's specific set-point value is of low relevancy

compared to a zone that is defined by upper and lower boundaries. Moreover, in the presence

of noise and model mismatch there is no practical value using a fixed set point. A detailed

description of Zone-MPC was presented by Maciejowski. Our Zone-MPC is implemented by

defining fixed upper and lower bounds (Figure 2) as soft constrained by letting the

optimization weights switch between zero and some final values when the predicted CVs are

in or out of the desired zone, respectively. The predicted residuals are generally defined as

the difference between the CV that is out of the desired zone and the nearest bound.

[0069] The core of Zone-MPC dwells in its cost function formulation that holds the

zone consideration. Zone-MPC, like any other forms of MPC, predicts the future

output by an explicit model using past m input/output records and future input moves

that need to be optimized. However, instead of driving to a specific fixed set point, the

optimization attempts to keep or move the predicted outputs into a zone that is defined by

upper and lower bounds.

[0070] Figure 2 depicts Zone-MPC applied to glycemia regulation. Fixed upper and

lower glycemic bounds are pre-defined. Using a linear difference model the glycemic



dynamics are predicted and the optimization reduces future glycemic excursions from the

zone under constraints and weights defined in its cost function.

[0071] The Zone-MPC cost function used in the present examples is defined as

follows:

where Q and R are constant optimization weights upon the predicted outputs and the future

inputs, respectively, and is a superposition of all the predicted outputs states that exceed

the permitted range:

collects all the predicted points that are below the lower bound by setting all other

predicted values to zero:

collects all the predicted points that are above the upper bound by setting all other

predicted values to zero:

k+

[0072 ] The future CMs are hard constrained set by the insulin pump's ability to

deliver a maximum rate of insulin and the inability to deliver negative insulin values. The

objective function (equation (8)) neglects the control move increments component to enable

fast control movements.



[0073] The second-order input transfer functions described by equation (4) are used

again to generate an artificial input memory in the Zone-MPC schema to prevent insulin

over-dosing, and as a result hypoglycemia. In order to avoid over delivery of insulin, the

evaluation of any sequential insulin delivery must take into consideration the past

administered insulin against the length of the insulin action. However, a one-state linear

difference model with a relative low order uses the output (glycemia) as the main source of

past administered input (insulin) "memory." In the face of model mismatch, noise, or change

in the subject's insulin sensitivity, this may result in under or over-delivery of insulin. This

can be mitigated by adding two additional states for the mapped insulin and meal inputs.

[0074] As was discussed earlier the ARX-models were identified using mapped

inputs. The insulin and meal measurements and the transfer functions that were used for the

identification can be embedded into one ARX-model with one state (glucose) and two inputs

(insulin and meal) as described in equation (12).

where, G, I , and M represent glucose blood concentration, insulin administration, and meals,

respectively. α i, β li , and β2i are model coefficients, d 1 and d2 are insulin and meal time

delays, respectively, and P, q1, and q2 are the orders of glucose, insulin, and meal,

respectively.

[0075] In order to generate a prediction using equation (1 ) P past measurements are

needed of G and d1 +q1 and d2 +q2 past insulin and meal measurements respectively.

However, while G has infinite memory that is the outcome of the deterministic difference

equation the inputs memory is restricted to the past inputs of a restricted order. For example,

if delay in insulin, d1, is equal to two sample times and the order of insulin in the model is

equal to three sample times then the model captured the insulin administration of only five

previous sample times. In perfect conditions where there is no model mismatch, no noise or

change in insulin sensitivity, the past inputs will be contained into the G dynamics; however,

in reality, these conditions are unlikely to be achieved.

[0076] An alternative formulation of the model, which provides a full reliable input

memory to the system, is described in equation (13).



where Imap and p are the new states representing the mapped insulin and meal values

respectively. ι and 5 are new addition to the set of coefficients. These new states represent

the insulin and meal after being absorbed into the blood.

[0077 ] Equation (13) describes an improved formulation to Equation (12) that uses

the mapped insulin and meal inputs Imap and M map respectively) as additional states. The two

new states are evaluated using the two past new states records as well as two past input

records. Keeping the past new states records enable an infinite input memory that is

independent to the G measurements. The states are updated after each Zone-MPC cycle and

there by maintain the influence of all past inputs.

[007 8] Four main tuning parameters are available for MPC. First, the prediction

horizon, P , is a fixed integer indicating the number of prediction samples that will be used by

the MPC cost function. P should be on the order of the settling time. Choosing P that is too

small will cause the loss of valuable dynamic response. On the other hand, choosing P that is

too large will reduce the influence of dynamics over steady-state. Second, the control

horizon, M , is an integer indicative of the control moves that are optimized. A large will

create a sluggish control response; however, choosing = l will cause highly aggressive

control. The other two parameters are Q and R , as described earlier. When applying Zone-

MPC, in addition to the four MPC tuning parameters, the zone can be treated as another

tuning variable.

[007 9] The most dominant dynamic property found to influence the Zone-MPC

tuning was the ARX-model's settling time (ST). The settling time is defined as the time it

takes for a dynamic system to accomplish 95% of a response to a step input. The prediction

horizon P was set to correspond to the individual subject model ST. However, when the ratio

between P and Mis changed (equation (8)), then the relative cost between the output and the

input deviations is changed as well.

[0080] It should be noted that glucose predictions based on ARX models are limited

to approximately three hours. Hence, to correctly compensate for prolonged settling-times,

the weight upon the control moves (R) is a function of the ST. In this way the balance



between the weights of the output and input is conserved in Equation (8). Moreover, the

model fitness based upon three hours prediction is used as additional penalty upon R.

[0081] Equation (14) describes the adjusted cost weight upon the control moves. ST

is defined by sampling times and is assumed to have a value greater than zero

and lower than one and was calculated by Equation (15).

where i a vector containing the collection of the ARX model

predictions over three hours, PH is the number of sampling times contained in three hours, p

is the order of the auto-regressors. N is the total number of data values, is the

vector of the data values, and is the mean of the data values.

[0082] Q and M were used as fixed values of 1 and 5 respectively.

[0083] Zone-MPC succeeds in maintaining glycemic responses closer to euglycemia,

compared to the "optimal" open-loop treatment in the three different modes with and without

meal announcement. In the face of meal uncertainty, announced Zone-MPC presented only

marginally improved results over unannounced Zone-MPC. When considering user error in

CHO estimation and the need to interact with the system, unannounced Zone-MPC is an

appealing alternative. Zone-MPC reduces the variability of the control moves over fixed set-

point control without the need to detune the controller. This gives the Zone-MPC the ability

to act quickly when needed and reduce unnecessary control moves in the euglycemic range.

[0084] Nine control experiments are conducted on ten in silico adult subjects

following a three meal scenario of 75, 75 and 50 grams of CHO at 7am, 1pm and 8pm,

respectively using the FDA-accepted UVa-/-U.Padova metabolic simulator. In all MPC

experiments the weight upon predicted outputs, , is set to 1, while the weight upon the

future control moves, R, is set automatically by equation (14).

[0085] Zone-MPC was tested in three different modes using unannounced and

announced meals in their nominal value and with 40% uncertainty. Ten adult in silico

subjects were evaluated following a scenario of 75, 75, and 50 grams of carbohydrates (CHO)



consumed at 7am, 1pm and 8pm respectively. Zone-MPC results are compared to those of the

"optimal" open-loop pre-adjusted treatment. Nine experiments were conducted as follows:

[0086] Experiment 1: Built-in open-loop pre-adjusted treatment is applied with

nominal meals value.

[0087] Experiment 2 : Zone-MPC bounds are set between 80 and 140 mg/dL and the

meals are unannounced.

[0088] Experiment 3 : Zone-MPC bounds are set between 100 and 120 mg/dL and the

meals are unannounced.

[0089] Experiment 4 : MPC with set point at 110 mg/dL and meals are unannounced.

[0090] Experiment 5 : Zone-MPC bounds are set between 80 and 140 mg/dL and the

nominal meals are announced.

[0091] Experiment 6 : Zone-MPC bounds are set between 100 and 120 mg/dL and the

nominal meals are announced.

[0092 ] Experiment 7 : MPC with set point at 110 mg/dL and the nominal meals are

announced.

[0093] Experiment 8 : Built-in open-loop pre-adjusted treatment is tested with meals

announced with -40% mismatches with the consumed meals value.

[0094] Experiment 9 : Zone-MPC bounds are set between 80 and 140 mg/dL with

meals announced with -40% mismatches with the consumed meals value.

[0095] Figure 5 describes a test that was conducted on subject # 5 of the UVa

simulator. In Figure 5, experiments 1 to 4 are represented by grey triangles and red, blue, and

black circles, respectively. Figure 5 shows that the tighter the range of the Zone-MPC is, the

more variable the control moves become. In Figure 5, experiment 1 shows some advantage

over the MPC experiments on the first meal; however, this advantage is a result of the test

initialization that is overruled through the rest of the test.

[0096] Figure 6 presents a population result of experiments 1 to 4, (a) to (d)

respectively, on all 10 UVa-/-U.Padova subjects. Experiment 1, 2, 3, and 4 mean glucose

values are 180, 171, 160, and 155 mg/dL with average standard deviations (STD) of 27, 22,

23, and 23 mg/dL reaching the maximum values of 314, 291, 280, and 274 mg/dL and the

minimum values of 110, 85, 83, and 76 mg/dL, respectively. Experiment 1 shows the highest

mean, STD, and maximum value, which indicate on inferiority of the "optimal" open-loop

treatment. For experiments 2 to 4, the minimum and maximum values decrease as the range

becomes narrower. However, the STD of experiment 2 is the lowest, which implies a



decrease in the control performance variability between the ten subjects and which indicates

higher reliability.

[ 0 0 9 7 ] Figure 7 shows a comparison between experiments 1, 5, 6, and 7 on subject #

5 of the UVa-/-U. Padova metabolic simulator and are indicated by grey triangles, and red,

blue and black circles, respectively. As was shown in 7, the narrower the range of the Zone-

MPC, the more variable the control signal become. When announcement of meals is

implemented (experiments 5, 6 and 7), Zone-MPC presents superior regulation over the open-

loop treatment throughout the day by a faster meal disturbance rejection.

[ 0 0 9 8 ] Figure 8 presents a population result of experiments 1, 5, 6, and 7, (a) to (d),

respectively, on all ten UVa-/-U.Padova subjects. Experiment 1, 5, 6, and 7 mean glucose

values are 180, 152, 141, and 136 mg/dL with an average STD of 27, 28, 29, and 29 mg/dL

reaching the maximum values of 314, 267, 262, and 258 mg/dL and the minimum values of

110, 66, 62, and 59 mg/dL, respectively. It can be seen that the result of announced meals are

the reduction of mean, maximum and minimum values. However, reducing the minimum

values also increase the likelihood of hypoglycemic events especially for experiment 7.

[ 0 0 9 9 ] Figure 9 describes the population responses on the ten UVa-/-U. Padova

subjects using experiments 2, 8, and 9. Experiment 2, 8, and 9 mean glucose values are 171,

205, and 161 mg/dL with an average STD of 22, 36, and 24 mg/dL reaching the maximum

values of 291, 364, and 274 mg/dL and the minimum values of 85, 110, and 85 mg/dL,

respectively. Experiment 8 shows the obvious disadvantage of using open-loop treatment in

the face of uncertainties. Experiment 8 results in extended hyperglycemic with extreme

glucose values over 300 mg/dL. Comparing experiment 2 and 9, the advantages of the meal

announcement decreases in face of uncertainties, and the two experiments reach similar

performance indices.

[ 0 0 1 0 0 ] Table 1. Results summary of time spent over 180 mg/dL (TOi 8o[min]) and
number of hypoglycemic events (HYPO#[-]) for ten subjects in all nine experiments. As
noted, Exp#8 (Experiment # 8, open loop with 40%) meal uncertainty, shows the highest time
over 180 mg/dL in minutes for all ten subjects. Subject # 5 experience a single hypoglycemic
event following experiment 7 (Exp#7). Exp # 7 also presents the minimal duration over 180



[00101] Zone-MPC as described herein was evaluated on the FDA-accepted UVa-/-U.

Padova metabolic simulator. The control was based on ARX-models that were identified in a

novel approach by mapping insulin and meal inputs by over-damped second-order transfer

functions (it will be recognized that mapped biological factors, other than insulin may be

used similarly). The mapped inputs are used as additional state variables in the Zone-MPC

formulation that enable a larger memory to the insulin administration.

[00102] Zone-MPC has shown the ability to handle announced and unannounced meals

with meal uncertainties. Zone-MPC showed significant advantages over the "optimal" open-

loop treatment. Moreover, the Zone-MPC reduces the control moves variability with

minimal loss of performance compared to set-point control. Furthermore, the ability to

attenuate pump activity in the face of noisy continuous glucose monitoring (CGM) has been

demonstrated by Zone-MPC, which results in safer insulin delivery as well as minimize

power drain. Personalized Zone-MPC is a perfect candidate for the fully automated artificial

pancreatic β-cell or other drug or hormone delivery systems.

[00103] Zone-MPC is applied when a fixed set point is not fully defined and the

control variable objective can be expressed as a zone. Because euglycemia is usually defined

as a range, Zone-MPC is a control strategy for the artificial pancreatic β-cell.

[00104] In one embodiment, an apparatus/device of the disclosure includes a data

communication interface, one or more processors operatively coupled to the data

communication interface, a memory for storing instructions which, when executed by the one

or more processors, causes the one or more processors to receive a data from an infusion

device and an analyte monitoring device process the information utilizing a Zone-MPC



method described herein and delivery a biological agent (e.g., insulin) to a subject. Moreover,

one or more storage devices having processor readable code embodied thereon can be used

including, for example, PDAs (e.g., iPHONEs, or other Bluetooth capable devices.

[00105] The various processes described above including the processes performed by

the delivery device, the controller unit and the analyte monitoring system may be embodied

as computer programs developed using an object oriented language that allows the modeling

of complex systems. The software required to carry out the methods of the disclosure may be

stored in the memory or storage device of the delivery device, the controller unit, the data

terminal, and/or the analyte monitoring system and may include one or more computer

program products.

[00106] A large number of various analyte measurement devices (e.g. , glucose meters)

and infusion pump systems are known in the art. For example, Diabetes Forecast puts out a

yearly publication listing consumer measurement devices and pump systems. Any of these

systems may include a controller or computer instructions to cause a sensor device or

infusion systems to carry out the methods of the disclosure.

[00107] While various specific embodiments have been illustrated and described, it

will be appreciated that various changes can be made without departing from the spirit and

scope of the invention(s).



What is claimed is:

1. A method of continuous monitoring and delivery of a drug or biological agent to a

subject comprising:

obtaining values associated with blood levels of a drug or biological agent for a

subject;

mapping the data using a transfer function;

generating a linear difference model comprising a plurality of states;

obtaining a defined value zone for the drug or biological agent in the subject;

calculating a next administration dose and/or time of delivery of the drug or

biological agent based on a predicted drug or biological agent value using the linear

difference model and the defined zone;

delivering the drug or biological agent to the subject based upon the calculated next

administration.

2. The method of claim , wherein the drug or biological agent is insulin.

3. The method of claim 2, wherein the value data comprises insulin and glucose levels.

4. The method of claim , wherein the method treats diabetes.

5. The method of claim 2, 3 or 4 comprising:

wherein the obtaining values comprises obtaining insulin and meal data values and

continuous glucose monitoring (CGM) data values for the subject;

mapping the insulin (I) and meal (M) data values using transfer functions:

to obtain new states Imap and M m p , wherein τ are time points of measurement;

wherein the generating a linear difference models comprises generating a linear

difference model comprising



wherein γ .and δί represent weighting factors for insulin and meal, respectively, after being

absorbed into the blood,

wherein obtaining a defined value zone comprises obtaining a predefined glycemic

zone for the subject;

calculating a next insulin administration based on a predicted glycemic value using a

linear difference model and a predefined glycemic zone;

delivering insulin to the subject based upon the calculated next insulin

administration.

6. The method of claim 5, wherein the delivery of insulin varies temporally and by

dose.

7. The method of claim 5, wherein the delivery of insulin is a continuous or discrete

infusion.

8. The method of claim 1 or 5, wherein the next administration is performed by a drug

or insulin delivery pump or device.

9. The method of claim 1 or 5, wherein the next administration is performed by a

computerized implanted drug or insulin pump.

10. The method of claim 5, wherein the insulin comprises an insulin or insulin analog.

11. The method of claim 5, wherein maximum glucose levels following each meal are

maintained within the glycemic zone.

12. The method of claim 5, wherein the CGM data is episotic glucose measurements or

self-monitoring measurements.



13. The method of claim 5, wherein the glucose measurement is obtained

subcutaneously, intravenously, intraperitoneally, or noninvasively.

14. The method of claim 5, wherein the CGM data is obtain from a sensor taken from

the group of sensors consisting essentially of an implanted glucose sensor, an optical

glucose sensor, enzymatic glucose sensor and a finger stick glucose sensor.

15. The method of any one of claims 1-14 implemented by a computer, wherein the

drug, biological agent or insulin is delivered to the subject by an automated pump.

16. An automated method of any one of claims 1-14, wherein the drug, biological agent

or insulin is delivered to the subject by an automated pump.

17. An insulin pump system comprising a controller that implements an automated

method of claims 5-14, wherein an insulin or insulin analog is delivered to a subject by the

pump.

18. The computer implemented method, automated method or pump system of any of

claims 15-17, wherein the computer or system comprises a computer readable storage

medium comprising instructions for causing the a pump to function in accordance with the

methods of claims 1-14.

19. The method of claim 1-14, implemented on a sensor, pump, PDA, or via a web-

based application.
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