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INTRODUCTION

Pharmpy is an open-source software package for pharmacometric modeling intended for pharmacometric researchers and modelers as well as tool developers. It
has functionality ranging from reading and manipulating model files and datasets to running advanced tools. The two cornerstones of Pharmpy are:

Flexibility in usage

Pharmpy has three main layers:
the Pharmpy model, modeling
functions to manipulate a
model, and tools which can
develop models. Since these
are separate layers, you can use
whichever suits your use case.
Pharmpy can be used in Python,
in R (via the pharmr package),

and from the command line.

Independent of modeling language

The Pharmpy model abstraction is independent
the
transformations and tools to be agnostic about

estimation

Fully automatic model from

development

Automatic modeling of
different components
Model and dataset
transformations

Abstraction
of model

language, allowing
the model type. The general representation of a
model facilitates using different software for
different (e.g.
simulation) while using the same Pharmpy

scenarios estimation and
model object as a base. There is functionality to

translate models between languages, and the

Pharmpy model

model code is only updated when necessary.

SCRIPT YOUR WORKFLOWS

New in Pharmpy 1.7.2

SAMBA-like algorithms in covariate
search

MBIC as ranking criterion

New system for running and
rerunning tools

Improved log system

MPI support (including across nodes)

for NONMEM execution

When a model is parsed from NONMEM, or when a new model is
created from scratch in Pharmpy, it is represented as a general
Pharmpy model object. The model is broken down into core
components: model statements, parameters, random variables,

complex functions. Pharmpy has many different functions to
simplify the pharmacometric model building process. The use
cases for these functions range from using only one function for a
task that is tedious to perform manually to fully scripting a

Modeling software support

* NONMEM (reading, writing, running)

execution steps,

and the dataset,

each of which can be

manipulated through low level operations and through more

m <- create_basic_pk_model('oral', 'moxo.csv') %>%
set_transit_compartments(1) %>%
add_covariate_effect('CL', 'RF',

convert_model('nonmem")

res <- fit(m)

effect='1in') %>%

Moxonidine dataset
=

v

Model with
> transit >

workflow, including fitting and presenting results.

Model with >
covarilate

* nlmixr2 (writing, running)

* rxode2 (writing)

Modelfit

results

AUTOMATICALLY DEVELOP MODELS

Model type support

PK
PKPD
TMDD

Drug-metabolite

search_space <- 'COVARIATE?(@IIV,[WT,AGE,RF],
[LIN,EXP]);COVARIATE?(@IIV, [SEX,NYHAT],CAT)'

res <- run_amd(input='moxo.csv',
modeltype="'basic_pk',
administration='oral',
cl_init=30.0,
vCc_1nit=100.0,
mat_init=0. 3,
search_space=search_space,
mechanistic_covariates=c('WT'),

occasion="'VISI')

In collaboration with

Pharmpy has multiple tools that can automatically develop different
aspects of a model, and a fully automatic model development (AMD)
tool that develops a model given a dataset. The AMD tool integrates
1IV/10V
structure, the RUV model, and covariate effects. These subtools can

multiple subtools that selects the structural model, the

Moxonidine dataset
No BLQ data )

also be run standalone. All the tools in AMD produce various results,
including reports with model quality plots and tables. Pharmpy also
has a tool to evaluate estimation methods, solvers, and parameter
uncertainty methods.

AMD TOOL

Oral administration
PK model
CL, VC, MAT inits

Model info Structural

Default AMD strategy
Retries on final models

Strategy

No reevaluation

Default oral MFL

'VISI' as IOV occasion

Search space

Covariate info

Covariates
No parameter (mechanistic)
StriCtneSS uncertainty check J
Default strictness
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