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Background and Objectives

antibiotic treatment.

and more simple software often lacks profound functionality.

pharmacometric technigues such as
drug measurements,

measurements are available and

 Pharmacokinetic (PK) variability can negatively affect the effectiveness and safety of
« Pharmacometric models have evolved as useful tools to quantify and explain PK variability
between patients and to explore the pharmacodynamic (PD) consequences of this variability on
therapy outcomes. Although manifold predictive pharmacometric models and PK/PD relationships
have been published over the years, the application of these mathematical models in therapeutic
drug monitoring (TDM) Is yet limited, as available professional software is mostly difficult to use

« Hence, we aimed to develop "'TDMx’ (speak: ‘TDMetrics’), an easy-to-use, but powerful
modular software tool for bedside dosing decisions, making use of state-of-the-art

(1) Probabilistic dosing/probability of target attainment (PTA) analysis without requiring
(i) Bayesian dosing with PK estimation and definite PK/PD target attainment analysis if drug

(i11) (Adaptive) optimal design module to sample at the most informative time points.

Results

sig. digits) and PK profiles.
Modules:

Validation against NONMEM™:

The simulation and estimation algorithms of “TDMx’ were successfully validated
against NONMEM™ and identical results were obtained for PK parameters (3

Patient module: Input module for all available patient data (e.g. demographics,
laboratory measurements) as well as for the dosing schedule (Fig. 2).

Methods

* RStudio (RStudio Inc., with ‘R’ version 3.1.1 [1]) was utilised as IT framework.

were created to satisfy the objectives (i)-(iii).

pharmacometrics.

 The 'R’ package ‘shiny’ (version 0.10.2.1) was employed for programming the user-interface.
 Peer-reviewed, published PK models were selected and encoded into ‘TDMx’. Sub-modules

« ‘TDMx’ was validated against NONMEM™ (version 7.3 [2]) as the gold-standard software in

Results

The first release of ‘TDMx' [3] comprises instances tailored to support TDM of
aminoglycosides (amikacin [4], gentamicin [5]) and beta-lactams (meropenem [6],
piperacillin [7]). A typical 'TDMx’ workflow for model-supported TDM is illustrated In
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Fig. 1. Workflow for model-supported TDM using "TDMx’ starting with the patient.
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~1g. 2. Screenshot of the ‘Patient module’ of ‘'TDMXx'.
Probabilistic dosing module: Computes based on the selected PK/PD target the

PTA to select a likely effective dosing regimen solely using patient covariates,
e.g. to Initiate empiric therapy, or to quide
measurements are available (Fig. 3).

500mg/1hTID

AN N

PTA = 0.4

1000 mg /1 hTID

. TDMx for Meropenem Disclaimer 1. Patient 2. Probabilistic Dosing 3. Bayesian Dosing 4. Optimise Sampling Advanced Opt. ~
Patient
demographlcs Prediction for typical patient based on entered record/covariates
used as Demographics
covariates of the Age [yrs]  Weight [kg] Height [cm]
implemented PK : g e
model -
oo
E
§
/ Dose [mg] | Infusion dur. [h] &
g
Dose Duration 510
. 14/04/2015/06:00 1000 1 £
Convenient 14/04/2015/14:00 1000 1
Spreadsheet tO 14/04/2015/22:00 1000 1 i
enter even 15/04/2015/06:00 6000 24 “'“':."""
Complex dOSIng Dosing interval (for next dose) [h] Pz Aer s 00te Dltnn&ﬂ;-n:f e 0 o
regimens 0s
\ Laboratory
Serum creatinine [mg/dL]
((Time- varylng) \
cCreatinine . . .
renal function as 14/04/2015/13:00 | 0.7 Instar_1taneous ws_uahsatlon of all en_tered
PK covariate data in the entry field/tables (left), achieved
MIC [mg/L] through reactive programming.
MIC as PD Provides ‘Click-and-Feel’ experience and
surrogate Measured meropenem [mg/L] helps to detect errors already while data
- Time cMeropenem entry.
f 14/04/2015/13:00 0.8 K J
Drug 15/04/2015/14:00 13
measurements 3 [ -
(|f ava|iab|e) Protein Binding [%]
N 2 :

Institutions where no drug

TDMx for Meropenem Disclaimer 1. Patient 2. Probabilistic Dosing 3. Bayesian Dosing 4, Optimise Sampling Advanced Opt. ~
Probabilisitic dosing scenarios (no drug measurements used/needed!)
PK/PD Target (%fT>MIC)
40 99 (
o - Slider toggle for selecting the PK/PD target J
calculate \\

2000 mg /1 hTID

500 mg /4 hTID

1000 mg /4 hTID

2000 mg /4 h TID

Meropenem [mg/L]

PTA = 1

20
54

5.0 10
254 . - -

0.0 ot

40- 75
30-
50
20
10 25
| —— _ ——— ——
0 PTA = 0. 0
4 40
30

PTA = 1

U PTA= 1

1500 mg /24 h OD

PTA = 0.8

3000 mg /24 h 0D

8
4 ’

PTA = 1

20
15
10
5.
5 / > : e : : :
0 6 18 24

6000 mg /24 h OD

PTA= 1

Fig. 3. Screenshot of the ‘Probabi
anticipated (un-)certainty of the P
variability of the (sub-)population.

green if favourable (i.e. > 0.9) or in red if insufficient.

12
Time [h]

istic Dosing’ module of "'TDMx’. Shaded area represents
K profile (2.5t — 97.5" percentile) due to interindividual
PTAs of the respective dosing regimens are indicated In

Results (cont‘d.)

Bayesian dosing module: Estimates individual PK parameters for definite target
attainment analyses if drug measurements are available (Fig. 4).
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Fig. 4. Screenshot of the ‘Bayesian Dosing’ module of 'TDMx’. Regimens that provide reliable target
attainment are indicated in green, unfavourable regimens are highlighted in red.

Optimal design module: Predicts the most informative sampling time points for the
precise estimation of either PK parameters (e.g. In a research setting) or
PD surrogates (e.g. T, as a relevant PK/PD index in clinical routine) (Fig. 5).
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Fig. 5: Screenshot of the ‘Optimal sampling’ module of “TDMx'.

Conclusions

With “TDMx’, we provide an easy-to-use, flexible and powerful web-application,
making use of state-of-the art pharmacometric techniques to support bedside drug
dosing decision-making.

* In comparison to other available tools, 'TDMx’ offers broader functionality and can
entirely be used in a web browser, also on various (mobile) devices. Even complex
dosing regimens can be analysed by use of convenient spreadsheet functionalities.

 ‘'TDMX Is freely available online under: www.tdmx.eu.
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