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ABSTRACT

Resource allocation is central to day-to-day activities, planning, and policymaking,
often involving multiple targets rather than a single objective. In healthcare and
public health, planners may need to address competing targets alongside feasibility
constraints such as fixed budgets and resource limits. Traditional linear programming
frameworks do not directly represent aspiration targets and deviations from them. Goal
linear programming (GLP) uses linear programming constructs to model such targets
explicitly and minimize deviations from them. PyGuLP is a lightweight Python package
that implements Weighted GLP using standard linear programming constructs, making
goal-based optimization accessible while preserving control over the underlying
optimization model.
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(1) OVERVIEW

INTRODUCTION

Linear programming provides efficient tools for
expressing feasibility constraints and optimizing a
single scalar objective. When analysts face problems
involving multiple objectives, common practice is to
rely on multi-objective linear programming techniques
such as weighted sum scalarization, e-constraint
formulations, Pareto-based analyses, and interval-based
multi-objective linear programming. In weighted sum
approaches, multiple objectives are combined into a
single objective function using weights defined by the
user (1), where the relation between objective weights
and the achieved outcomes is indirect and problem-
dependent, making it difficult to interpret how a given
choice of weights translates into target attainment.
e-constraint methods designate one objective for
optimization while converting others into constraints
with prescribed bounds; this can lead to infeasibility
when targets cannot be simultaneously satisfied (2).
Interval-based multi-objective linear programming
represents objectives or parameters as ranges rather
than fixed values (3), allowing uncertainty in objectives
or parameters to be represented explicitly within the
optimization formulation. Pareto-based approaches aim
to enumerate or approximate a set of non-dominated
solutions; a non-dominated solution is one for which
no objective can be improved without worsening at
least one other objective. This places the burden on
the decision maker to explore and select a “best
compromise” solution from a potentially large solution
set (4).

These approaches provide different ways of
representing and resolving multiple objectives. Goal
linear programming (GLP) is particularly suited to
problems in which decision makers can specify aspiration
targets and wish to quantify deviations from those
targets. GLP introduces deviation variables that explicitly
quantify under- and over-achievement relative to
specified targets, allowing infeasible aspiration levels
to be accommodated in a controlled and interpretable
manner. This explicit representation of deviations aligns
more naturally with decision-making contexts, where
targets serve as guiding benchmarks rather than strict
constraints (5, 6).

Although the theoretical foundations of goal
programming are well established in the operations
research literature (5-7), practical implementations
are often reported as part of individual case studies
rather than as reusable, general-purpose software.
Goal programming has been used across multiple
domains that require dynamic target handling. Examples
include diet planning, manpower planning, and resource
allocation in hospitals (8). Beyond health, financial

problems such as deciding insurance premiums (9, 10)
or environmental planning for reduced emissions limits
coupled with conservation goals (11, 12) have used GLP
to balance such goals.

Dedicated implementations of goal programming
do exist; for example, the R package goalp supports
weighted and lexicographic linear goal programming
(13). Analysts may also implement goal programming
models using spreadsheet-based workflows (14),
proprietary modeling environments, or problem-specific
code written for a single study. Commercial optimization
environments can similarly be used to formulate GLP
models; for example, FICO-Xpress (15) has been used
to apply GLP in diet optimization and test different
achievement functions (16). However, GLP model
construction in general-purpose modeling environments
requires the modeler to explicitly construct the goal
equations and associated deviation variables. Such
implementations may therefore remain problem-
specific and require repeated model-construction code
across applications.

The Python optimization ecosystem includes
established modeling frameworks such as PuLP, Pyomo,
CVXPY, and PICOS, as well as frameworks focused on
multi-objective optimization such as pymoo (17-20).
These tools provide broad optimization capabilities,
but goal-programming models generally need to be
constructed using their underlying variables, constraints,
and objective-function interfaces. For example, Pyomo
allows multiple objectives to be declared, but only one
objective is active during a solve (21); implementing
weighted goal programming (WGP) therefore requires
the modeler to explicitly construct the achievement
function, deviation variables, and associated goal-
linking equations. PyGuLP instead represents goals
directly as modeling objects and automates these
goal-programming-specific ~ components, including
goal-level deviation reporting.

General-purpose optimization libraries such as PuLP
provide flexible interfaces for defining decision variables,
constraints, and objective functions and serve as
front-ends to several linear programming solvers (22).
PULP itself does not provide goal-programming-specific
abstractions such as goal definitions, deviation variables,
or automated goal-linking equations. As a result,
analysts implementing GLP using PuLP directly must
manually introduce deviation variables and construct
the corresponding goal-linking constraints within the
linear program, requiring these components to be
specified explicitly for each goal and repeated across
models.

PyGuLP addresses this gap by providing a
standardized, reusable software workflow for weighted
GLP. Built on top of the PuLP optimization ecosystem,
PyGuLP introduces structured abstractions for defining
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goals, automatically generating deviation variables
and goal-linking equations, and constructing the
corresponding weighted achievement functions.

IMPLEMENTATION AND ARCHITECTURE

Design philosophy and architecture

PyGuLP is designed to formalize and standardize how
WGP models are constructed and solved in applied
research. The package provides a consistent structure
for separating feasibility constraints from aspirational
goals or targets, reflecting the distinction emphasized in
the goal programming literature but often implemented
manually in practice.

Figure 1 illustrates this conceptual framework and
design philosophy of PyGulLP. Feasibility constraints
define the admissible region and are treated as non-
negotiable, while goals represent desired aspiration
levels that may be violated at a quantifiable cost.
Goals can be assigned weights that determine the
penalties applied to their deviations, which are driven
by what is important for the research question. For
each goal, PyGuLP systematically introduces deviation
variables and constructs the corresponding goal-linking
constraints, ensuring that under- and over-achievement
are represented explicitly. The resulting optimization
problem remains a linear program and is solved using
established solvers through the PuLP ecosystem.
By returning achieved values and deviations in a

structured form, PyGulLP supports interpretation,
comparison across scenarios, and reuse across problem
settings.

Mathematical formulation

PyGuLP implements the standard WGP formulation by
transforming each user-defined goal into a pair of
non-negative deviation variables that measure under-
and over-achievement of the desired target. Let x € R"
denote the vector of decision variables satisfying a set
of hard linear constraints. For each goal k=1, ..., K, let
Zk(x) denote a linear goal expression with desired target
value Ty.

To measure deviations from the target, PyGulLP
introduces two deviation variables: an under-
achievement variable d; and an over-achievement
variable dj. These variables are linked to the original goal
through the following goal equation:

Z()+di-di=T,,  k=1,..,K
Non-negativity of deviation variables
The deviation variables satisfy

d, >0, dy >0, k=1,..,K.

These variables quantify only the magnitude of deviation
from the target. Negative deviations are therefore not
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with Weighted Goal Programming
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Figure 1 Conceptual overview of Goal Linear Programming: PyGuLP distinguishes between hard feasibility constraints, which define
the admissible solution space, and aspirational goals, which represent target outcomes that may be achieved with allowable
deviations. The package automatically constructs under- and over-deviation variables and applies weighted penalties to deviations
from competing targets, enabling transparent multi-objective optimization and reproducible decision support within the Python

ecosystem.
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meaningful, making the formulation a standard linear
programming model.

Weighted objective function
The optimization objective minimizes the weighted sum
of deviations across all goals,

K
min Y (wid, +widy),
k=1

where

represent the penalties associated with under-
achievement and over-achievement, respectively.
PyGuLP supports both symmetric and asymmetric
deviation penalties. When distinct penalty values
are supplied, the optimization objective naturally
captures situations in which under-achievement and
over-achievement have different practical consequences.
If no separate penalty pair is specified, PyGuLP adopts

the standard symmetric WGP formulation by assigning
W = Wy = W,

which reduces the objective to

K
min Y wy (dj +dy).
=

This provides a simple default formulation while allowing
users to specify independent penalties whenever
asymmetric preferences are required. For example, a
healthcare application may assign a larger penalty
to under-achieving @ minimum staffing level than to
over-achievement, whereas inventory management
problems may penalize excess stock more heavily than
stock shortages.

Within PyGuLP, asymmetric penalties can be supplied
through the optional goal_weights argument of the
solve_weighted () method, which accepts an ordered
pair (w,,wy) for each goal. For example,

# Symmetric penalties (default)

Goal(name="Protein", ..., weight=10)

# Asymmetric penalties
model.solve_weighted(
goal_weights={
"Protein": (20, 5)
}

In the first case, both under-achievement and over-
achievement incur the same penalty (w, =wj; =10).
In the second case, under-achievement is penalized
four times more heavily than over-achievement (w; =
20, wy =5), allowing the optimization model to capture
application-specific preferences.

An additional property of the formulation concerns the
paired deviation variables. Both deviation variables are
constrained to be non-negative and enter the objective
with non-negative coefficients. For any goal with at least
one positive deviation penalty,

- +
wy +wy >0,

an optimal solution cannot have both deviation variables
strictly positive simultaneously.

Suppose that
dy=a, dy =b, a,b>0.
Let
8 =min(a,b) > 0.
Define
d,=a-6, di=b-6.

Substituting into the goal equation gives
Z\X) +dp-di =Z(x)+(@-8) - (b-8)=Z(x)+a-b=T,

so feasibility is preserved.
The corresponding contribution to the weighted
objective becomes

- - + 3t — + - +
widy +widy =wea+wib -8 (w +wyp).

Since 6 > 0 and w; + w; > 0, this value is strictly smaller
than the original weighted deviation contribution.
Therefore, at optimality,

did; =0,

for any goal with at least one positive deviation penalty.
Thus, each such goal is represented as either under-
achieved, over-achieved, or exactly attained, but not
simultaneously under- and over-achieved.

Interpretation of goal weights

The weights determine the relative importance assigned
to deviations across different goals. When all goals are
measured in comparable units, larger weights correspond
to higher priority.

If goals are measured on substantially different scales
(for example, monetary cost versus waiting time), a
common practice is to normalize each deviation by an
appropriate scaling constant S, giving

The normalization constants account for differences in
measurement units, whereas the weights represent the
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relative importance assigned to each goal. Consequently,
normalization and priority weighting serve distinct
purposes: normalization places heterogeneous goals
on a comparable scale, while the weights reflect the
decision-maker’s preferences.

The appropriate normalization is inherently problem-
and data-dependent and is therefore left to the user
rather than being prescribed by PyGuLP. Depending on
the application, users may preprocess or scale their input
data using existing data-processing tools, or normalize
the goal expressions directly when constructing the
PyGuLP model. For example, if one goal measures
monetary cost and another measures patient waiting
time, each may first be expressed relative to a suitable
reference value or scaling constant before preference
weights are assigned.

Note: Relationship between hard constraints and
goals

A fundamental distinction in goal programming is
the separation between hard constraints and goals.
Hard constraints define the feasible solution space and
must always be satisfied, exactly as in conventional
linear programming. Typical examples include physical
capacity limits, legal regulations, or resource availability
constraints. Goals, on the other hand, represent desired
target values that decision-makers would like to
achieve whenever possible. Unlike hard constraints,
goals are permitted to be under- or over-achieved
through explicitly modeled deviation variables, whose
magnitudes are minimized according to the preferences
specified by the decision-maker. Consequently, goal
programming should be viewed as a methodology for
balancing multiple competing objectives while preserving
the feasibility defined by mandatory constraints,
rather than as a mechanism for relaxing or replacing
those constraints.

QUALITY CONTROL

Quality control for PyGuLP has been carried out at
multiple levels, including validation of core model
components, functional validation through constructed
worked examples, and verification of the package
distribution and installation workflow.

Automated tests are provided for core classes
responsible for model construction, including goal
registration, generation of goal-linking equations,
handling of deviation variables, and execution of the
solver interface. These tests verify that goals and
feasibility constraints are translated into consistent
linear programming formulations and that expected
solver outputs are returned.

Functional validation was performed using multiple
constructed datasets representing decision problems
inspired by previously published studies in healthcare
operations and insurance premium-setting. These

datasets were designed to exercise different modeling
patterns relevant to weighted GLP, including multiple
simultaneous service-level targets, trade-offs between
profitability, coverage, and affordability in insurance
premium-setting, and resource allocation problems
involving competing performance goals.

The package distribution and installation workflow
was validated using the TestPyPI environment prior to
public release, ensuring correct packaging, dependency
resolution, and installation through standard p-p-based
workflows in a clean Python environment before
publication on PyPI.

Users can verify that the software is functioning
correctly by running the example scripts provided
with the repository, which construct WGP models
and return solver status, optimized decision-variable
values, and per-goal deviation measures. Reference
outputs for the worked examples are provided in the
examples/README.md file, allowing users to compare
solver status, objective values, and key decision outputs
against benchmark results.

Example execution
A worked example included with the repository
demonstrates the application of PyGuLP to an outpatient
clinic resource allocation problem. In this example,
staffing levels across clinical units (triage, consultation,
and infusion) and operational configuration options
are chosen to balance multiple service objectives
under budget and capacity constraints. The model
includes several goals defined for different patient
classes, including targets for turnaround time (TAT) and
service coverage. These goals are incorporated into the
optimization model using goal-linking equations with
associated deviation variables, allowing the solver to
minimize weighted deviations from the desired targets.
Using PyGuLP, goals are defined directly through the
model interface by specifying the expression representing
the achieved level of the goal, the target value, and
the associated weight. A simplified excerpt from the
outpatient example is shown below. Here, TAT[c]
represents the previously defined TAT variable for patient
class c.

for ¢ in C:
m.add_goal(
Goal(
name=f"TAT_target_{c}",
expression=TAT[c],
target=tat_target[c],
weight=priority[c]
)
)
goal_weights[f"TAT_target_{c}"] = (0.0, priority[c])

For these TAT goals, only deviation above the target
is penalized. After defining the feasibility constraints and
registering the goals, the WGP problem is solved using:


https://github.com/aidelab-iitbombay/PyGuLP/blob/main/examples/TATChemo.py
https://examples/README.md
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result = m.solve_weighted(
goal_weights=goal_weights,
cost_expr=total_cost_expr,
cost_weight=lambda_cost

Execution returns the solver status, optimized
decision-variable values, and goal-specific deviation
values. For the outpatient example, outputs include
staffing allocations across units, selected operational
configurations, achieved TATs for each patient class, and
the magnitude of deviations from the specified targets.
These results allow users to verify that the software
correctly constructs the goal-linking equations and
resolves trade-offs between competing objectives.

(2) AVAILABILITY

OPERATING SYSTEM

PyGuLPisimplemented in Python and is operating system
independent. It can be used on operating systems
supported by Python and PuLP, including Linux, macOS,
and Windows.

PROGRAMMING LANGUAGE
Python

ADDITIONAL SYSTEM REQUIREMENTS

No additional system requirements beyond those
required to run Python and the underlying linear
programming solver used through PulLP are specified.
PULP can use the open-source COIN-OR CBC solver,
while larger or industrial-scale problems may benefit
from alternative solvers such as Gurobi, CPLEX, or
GLPK configured through PuLP. Memory and processor
requirements depend on the size of the optimization
problem being solved.

DEPENDENCIES
Required:

* PulP>2.7.0
Optional:

* pandas > 1.5.0
* matplotlib

LIST OF CONTRIBUTORS

Kshitij Vaidya - Core classes development, testing
and validation, documentation preparation Roomani
Srivastava - Defined problem statement, conceptualized
package development for GLP, curated datasets for
testing and validation, package maintenance and
submissions Ishan Pandit - Testing and validation of

core classes, development of additional helper classes
Kshitij Jadhav - Conceptualized and ideated package
development, overall supervisor of the project, support
and resources, reviewing the package, documentation
and scholarly contributions from the package.

SOFTWARE LOCATION
Archive
Name: Zenodo
Persistent identifier: https://doi.org/10.5281/
zen0do.18832569
Licence: MIT License
Publisher: AIDE Lab, Koita Centre for Digital Health,
Indian Institute of Technology Bombay
Version published: 0.1.3
Date published: 29/08/2026
Code repository
Name: GitHub
Persistent identifier: https://github.com/aidelab-
iitbombay/PyGuLP
Licence: MIT License
Date published: 29/08/2026
Emulation environment
Name: Not applicable
Persistent identifier: Not applicable
Licence: Not applicable
Date published: Not applicable

LANGUAGE
English

(3) REUSE POTENTIAL

PyGuLP supports reproducibility and alignment with
best practices in optimization-based decision support
by providing a standardized workflow for constructing
weighted GLP models in which feasibility constraints
are separated from aspirational targets. The package
is intended for researchers and analysts who need to
represent multiple targets explicitly, quantify under- and
over-achievement relative to those targets, and explore
trade-offs through weighted penalties on goal deviations.

The software is reusable across domains where
decision problems involve balancing competing targets
under resource or feasibility constraints. Typical use
cases include healthcare operations planning, public
health resource allocation, financial and insurance
portfolio design, infrastructure planning, environmental
management, and  policy-oriented  optimization
problems. In these settings, targets often represent
desired performance levels rather than strict feasibility
requirements, making goal programming a natural
modeling framework.

The constructed example datasets included with
the software demonstrate reusable modeling patterns


https://doi.org/10.5281/zenodo.18832569
https://doi.org/10.5281/zenodo.18832569
https://github.com/aidelab-iitbombay/PyGuLP
https://github.com/aidelab-iitbombay/PyGuLP
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derived from published studies. These include service-
level planning problems involving multiple waiting-
time targets in outpatient settings (23), premium-
setting problems balancing profitability, coverage, and
affordability considerations in insurance portfolios (10),
and outpatient resource allocation problems involving
trade-offs between TAT, operational cost, and service
access (24, 25). These examples are provided to illustrate
how users can adapt the same modeling structures to
new domains by replacing coefficients, target values,
and constraints while retaining the underlying goal-
programming formulation.

PyGuLP is designed to allow extension as additional
variants of GLP are incorporated over time. The
current implementation focuses on WGP, while future
development may include other commonly used
formulations such as lexicographic (pre-emptive)
goal programming, goal-attainment or compromise
formulations, and variants supporting range-based
or discrete aspiration levels. Future development will
explore how these formulations can be incorporated
while retaining, where possible, the existing model
structure and goal specifications. Additional optional
utilities such as streamlining common goal normalization
techniques can also be explored.

The package structure also provides a basis for
extending PyGulLP with additional goal-programming
formulations and domain-specific modeling
components. Longer-term development may include
structured user interfaces through which domain experts
can specify goals, constraints, and targets without
directly constructing the underlying optimization
model.

Contributions  that extend supported  goal
programming approaches or provide domain-specific
modeling layers are welcomed through the public
repository. Guidance for reporting bugs, requesting
features, and proposing code contributions is provided in
the repository’s contribution and support documentation.
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