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A B S T R A C T

We consider the scheduling problem for biomanufacturing projects that involve multiple tasks and “no-wait”
constraints between some of these tasks. The aim is to create schedules that ensure timely delivery of products
while enabling schedule revisions to accommodate additional constraints realized during the execution of these
projects. We formulate the problem as a mixed-integer linear programming model with the objective of mini-
mizing total tardiness, and propose a dynamic scheduling approach that solves a series of modified mixed-integer
linear programming models to revise and improve the schedule. We conduct numerical studies to investigate the
performance of this approach and compare its performance to a traditional proactive scheduling approach. In
collaboration with biomanufacturing companies, we create a scheduling tool and validate the approach with
implementation in an industry setting.

1. Introduction

Biopharmaceuticals provide revolutionary treatments for various
types of cardiovascular diseases, cancer, and autoimmune diseases.
Since the manufacturing of these drugs utilizes living cells to produce
biologics such as proteins, vaccines, and enzymes; unique production
plans tailored to cell characteristics, customer requirements, and strict
regulations are required. Therefore, effective operational scheduling is
crucial for the successful execution and delivery of biopharmaceuticals.

In this paper, we focus on protein manufacturing, an important and
growing area in the biomanufacturing industry. Proteins used in bio-
pharmaceuticals are often custom in nature, and each protein manu-
facturing project consists of consecutive tasks, each of which could be
performed by the scientists with appropriate skills. A typical protein
manufacturing project starts with cell preparation, followed by ex-
pression, purification, quality assessment, and finally shipping. Each
project may include one or more of these tasks depending on their re-
quirements, and some of these tasks have “no-wait” constraints. The
labor specialization and labor hours required for each task can also vary
between projects. For each protein manufacturing project, the bioma-
nufacturer needs to create a schedule of tasks to meet customer re-
quirements such that the project is completed before the due date.

In this setting, obtaining a feasible and efficient schedule that in-
corporates the various constraints for each project is a complex opti-
mization problem. Our industry collaboration suggests that many bio-
manufacturing companies use either a manual approach or a proactive

approach that requires solving a complex mixed-integer linear program
(MILP) that incorporates all the constraints. However, these approaches
have disadvantages. We propose an alternate dynamic resource sche-
duling approach that could be more effective in practice. Unlike the
proactive approach, our approach solves a series of simpler MILPs. As a
result, we are able to obtain several feasible and efficient solutions to a
complex scheduling optimization problem. Further, the dynamic sche-
duling approach provides an increased level flexibility that is critical to
solve the scheduling problem in the presence of new constraints and/or
revised objectives. Through numerical studies, we show that this ap-
proach provides efficient schedules that can significantly improve the
performance of operations. We also show that it is an effective way to
deal with the uncertainty present in protein manufacturing. We support
the execution of dynamic scheduling approach using a decision support
tool that incorporates the user feedback in the schedules in an efficient
manner and report the results of implementation in partnership with
our industry collaborators.

This paper makes several contributions to the scheduling literature.
Since the biomanufacturing industry has several challenges that might
be of interest to the scheduling community, we use the example of
protein manufacturing to describe the specific challenges faced by the
industry (see Section 2). We believe this discussion not only sets the
context for our research, but also might be useful for future researchers
in this area. We also provide a comparison of the traditional proactive
scheduling approach (see Section 4) and the dynamic scheduling ap-
proach (see Section 5) both from a model formulation and from a
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numerical performance perspective (see Section 6). While a majority of
existing literature on operations scheduling focus on simpler environ-
ments with single source of uncertainty, our formulation illustrates how
additional constraints related to new project arrivals, priority changes,
workload balancing, scientist capability, and capacity changes can be
incorporated while developing efficient schedules.

The rest of the paper is organized into the following sections. We
present scheduling challenges in protein manufacturing operations in
Section 2. Next, we review the related literature in Section 3. We pre-
sent the MILP model for proactive scheduling approach in Section 4.
Then, we describe the MILP model for dynamic scheduling approach
and illustrate schedule revisions in Section 5. Next, we compare the
performance of proactive and dynamic scheduling approaches, and we
discuss the performance of scheduling tool that employs dynamic
scheduling approach in Section 6. We explain the implementation of
tool in Section 7 and conclude the work in Section 8.

2. Scheduling challenges in protein manufacturing operations

A typical protein manufacturing project consists of upstream protein
expression and downstream protein purification operations (see Fig. 1).
During upstream expression, live cells grow and produce the target
protein. During downstream purification, the unwanted molecules,
which are referred to as impurities, are eliminated from the target
protein.

Upstream protein expression: Protein expression process starts
with DNA cloning, and identical DNA copies are introduced into host
cells for cell expression. Bacteria, plant, mammalian, or insect cells are
used as the host cell. Scientists need to have specific skills and experi-
ence in working with the type of host cell used for expression, and their
availability is a key factor in scheduling these operations. The expres-
sion process is carried out following the protocols that include mea-
suring critical process parameters, recommendations for corrective ac-
tions, when to add media and cells to ensure that process does not
deviate outside permissible limits. Since each project is unique with its
living cells, it is not possible for the biomanufacturer to consider all
possible scenarios while creating the schedules, and such deviations
from the planned schedules need to be incorporated into the revised
schedules only when they are observed. The output of protein expres-
sion is the target protein along with several impurities.

Depending on the type of living cells used in the expression,
downstream operations may have to start just after the completion of
upstream operations. For example, if the protein expression is done in
mammalian tissue culture cells, any delay initiating downstream

operations degrades the protein and makes it unusable. This introduces
“no-wait” constraints between upstream and downstream operations.

Downstream protein purification: The objective of downstream
purification operations is to eliminate impurities from the expressed
protein to satisfy customer requirements. This involves a series of tasks
like virus inactivation, centrifugation, filtration, and chromatography.
Chromatography is a technique that separates the impurities from the
target protein by exploiting the difference in their molecular properties.
This technique requires specialized scientist skills, therefore, some
scientists are preferred over the others due to their experience in the
chromatography technique of choice. Often, for a given project, mul-
tiple chromatography techniques are applied in sequence to remove
different types of impurities. Each chromatography task has long run
times, however, continuous attention of scientist during the task is not
required. The duration of task and the required time of scientist for the
task are important factors that need to be considered in scheduling
downstream purification operations. Although these factors are care-
fully incorporated into the schedules at the beginning, additional
chromatography techniques may be required because of yield/purity
losses during the purification. Another option, although less preferred,
is to scrap the outcome and repeat these operations to be able to obtain
a better outcome.

As seen from the discussion above, biomanufacturers face several
challenges in effective scheduling of labor resources for each protein
manufacturing project. Each project requires multiple tasks each of
which can be completed by the scientists with different skills. These tasks
and their duration differ between projects depending on the final pro-
duct requirements, quality of the starting material, and required quality
certifications. While attempting to guarantee best outcome in terms of
purity, yield, and activity for each project; the biomanufacturer also
aims to complete projects before their due dates. If the planned schedule
fails to achieve the desired outcome, additional tasks become necessary.
This can impact the schedules for other projects. In addition to the need
for updating schedules, new projects have to be planned into the
schedules with minimal change in the schedules of previously received
projects. Further, the biomanufacturer may have to give priority to some
projects if they cannot compensate for late delivery, delaying an R&D
project, or upsetting an established client. The biomanufacturer also
aims workload balancing for the scientists, to be able to accept new
orders that might have scientist preferences. Considering the need for
updates due to new orders, material delays, project extensions and
priorities, investigating different schedules to identify the best schedule
that reacts to these dynamics is a significant challenge. Therefore, ob-
taining the best schedule that enables timely completion becomes the

Fig. 1. Protein manufacturing operations.
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secondary objective. It is more important to obtain a high-quality
schedule that responds to the additional constraints specified by the
biomanufacturer.

3. Literature review

This work is closely related to two streams of scheduling literature:
project scheduling in dynamic environments and project scheduling
with no-wait constraints.

Project scheduling in dynamic environments: Robust scheduling
literature deals with the disruptions resulting from uncertainties in a
scheduling environment. There are two main procedures in the robust
scheduling literature: proactive and reactive scheduling. Comprehensive
reviews of this literature are found in Vieira, Herrmann, and Lin (2003),
Herroelen and Leus (2005), Ouelhadj and Petrovic (2009),
Demeulemeester and Herroelen (2011). Proactive approaches in-
corporate variability characteristics into scheduling at the initial deci-
sion-making stage, whereas reactive approach adjusts the schedules
after the disruption occurs. For the main disruption types studied in the
robust scheduling literature, we refer the interested readers to the
studies summarized in Table 1.

Due to the complexity of the problem, a majority of existing studies
on dynamic scheduling consider simple environments that include
single machine and/or single type of disruption. Under processing time
uncertainty, Yang and Yu (2002) find solutions for the robust single
machine scheduling problem using dynamic programming and heur-
istics. Lu, Ying, and Lin (2014) use an MILP to determine worst case
flow time and propose an iterative improvement heuristic and a simu-
lated annealing heuristic for a similar problem. Ying (2015) studies
two-machine scheduling problem, and Zheng, He, Wang, and Jia (2018)
consider resource constrained scheduling problem using heuristic ap-
proaches.

Goren and Sabuncuoglu (2008) analyze machine breakdowns in
single machine environment, while Akkan (2015) considers single
machine rescheduling problem with new operation insertion. There is
only a limited amount of work related to multiple disruption types in a
problem setting. Goren, Sabuncuoglu, and Koc (2012) develop branch-
and-bound and tabu search algorithms for job shop scheduling when
processing times and resource availability are uncertain. Katragjini,
Vallada, and Ruiz (2013) consider machine breakdowns, new job arri-
vals, and job ready time variations in permutation flow shop environ-
ments. Recent studies also investigate the impact of multiple disruption
types on schedules using computational experiments (Ma,
Demeulemeester, He, & Wang, 2019; Moradi, Hafezalkotob, Wang, &
Ghezavati, 2019).

The literature on reactive scheduling often aims to minimize the
deviations between original and realized schedules. Gomes, Barbosa-
Pòvoa, and Novais (2013) propose an MILP model to compare several

scenarios for job shop scheduling with the arrival of new orders. Hall
and Potts (2010) provide solution algorithms to adjust schedules to
accommodate unavailability of jobs and limit disruptions. Hall, Liu, and
Potts (2007) study new job arrivals and rescheduling of the jobs on a
single machine. They minimize maximum lateness subject to a limit on
the changes allowed in the original schedule using a branch and bound
algorithm. Van de Vonder, Ballestín, Demeulemeester, and Herroelen
(2007), Liu and Ro (2014), and Luo, Luo, Goebel, and Lin (2018) ad-
dress a similar problem using dynamic programming and heuristic
approaches.

Project scheduling with no-wait constraints: Allahverdi (2016)
presents a review of scheduling problem with no-wait constraints in
flow shop, job shop, and open shop environments. Sahni and Cho
(1979) prove that no-wait job shop and open shop problems are NP-
hard even if each job consists of only two operations. Consequently,
there are several studies in the literature that present heuristic solution
approaches for no-wait scheduling. Aldowaisan and Allahverdi (2003),
Aldowaisan and Allahverdi (2004) use simulated annealing and genetic
algorithm to minimize makespan and total completion time, respec-
tively. Pan and Huang (2009) propose a hybrid genetic algorithm for
no-wait job shop scheduling to minimize total completion times. Liu
and Kozan (2011) investigate the scheduling of prioritized and non-
prioritized trains in a single-line rail network where no-wait constraints
are required for prioritized trains. They present a two-stage heuristic
approach that combines a constructive algorithm and best-insertion
heuristic. Although heuristic solution approaches provide quick solu-
tions to difficult scheduling problems, they are not designed to provide
flexibility in fast-changing environments, especially when additional
constraints/preferences need to be introduced.

In our analysis of project scheduling for protein manufacturing,
underlying process uncertainty might require the introduction of ad-
ditional tasks (such as additional purification step, quality tests), in
addition to just increasing the duration of existing tasks. Further, as
new projects arrive, project priorities get revised several times. All these
changes along with no-wait constraints in certain cases are further
impacted by limitations in scientist capabilities and capacities. We de-
velop an approach that derives efficient schedules in this dynamic en-
vironment without causing excessive changes to the original schedule
by freezing some portions of schedules before accommodating new/
revised constraints. Therefore, by following a reactive scheduling ap-
proach to disruptions, we obtain efficient schedules that satisfy the
objectives of biomanufacturers. To the best of our knowledge, there are
no studies on reactive scheduling that consider such disruptions to-
gether. In Section 4, we present an MILP formulation that adopts a
proactive approach to this scheduling problem and then in Section 5,
we describe a reactive approach that revises schedules in the presence
of additional constraints.

Table 1
Summary of disruption types studied in the literature.

Study Disruption type(s)

Single disruption type Yang and Yu (2002), Lu et al. (2012), Lu et al. (2014), Ying (2015), Chakrabortty et al.
(2017), Zheng et al. (2018)

Uncertain processing times

Goren and Sabuncuoglu (2008), Lambrechts et al. (2008), Liu and Ro (2014), Luo et al.
(2018), Cui et al. (2018)

Resource unavailability

Hall et al. (2007), Hoogeveen et al. (2012), Gomes et al. (2013), Akkan (2015), Liu
(2019)

New job arrivals

Hall and Potts (2010), Wang et al. (2018) Job unavailability

Multiple disruption types Goren et al. (2012), Bossaghzadeh et al. (2015), Moradi et al. (2019), Ma et al. (2019) Uncertain processing times, resource unavailability
Katragjini et al. (2013) Resource unavailability, new job arrivals, job ready time

variations
Rahmani and Heydari (2014) Uncertain processing times, new job arrivals
Valledor et al. (2018) Resource unavailability, new job arrivals, uncertain

processing times
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4. MILP model for proactive scheduling

We model the scheduling problem as a mixed-integer linear pro-
gram. Table 2 summarizes the parameters and decision variables of the
model. Let I denote the set of projects and J denote the set of tasks that
may need to be performed for a project. The sequence of tasks per-
formed as part of a project is given in the form of a predecessor matrix P
that consists of boolean elements, pijk. The value of pijk is 1 if task j is
predecessor of task k for project i. In this case, task k can start any time
after the completion of task j. We define task α as the first task in a
project and task Δ as the last task in a project. Note that there is no
predecessor for the first task (i.e., = ∀p j0ijα ), and the last task is not
a predecessor of any other task (we set piΔΔ to 1). No-wait relations
between tasks are specified using a matrix N that consists of boolean
elements nijk. The value of nijk is 1 if task k has to start just after the
completion of task j for project i, i.e., the start time of task k has to be
equal to the completion time of task j.

The model develops a schedule for rolling horizon of t weeks. We
use ri and di to denote the receipt date (week) and the due date (week)
of project i, respectively. Let wij denote the duration of task j of project i
(in weeks) and hij denote the labor hours required each week to com-
plete that task. Although each task continues over a multiple of weeks,
scientist involvement is required for a shorter duration. Scientists are
responsible for planning of tasks, equipment setup, and analyzing
outcomes, whereas the process of cell culture or purifying proteins can
take longer time and may not require the continuous attention of the
scientist. Each scientist, ∈s S, has different capabilities, and any task j
can be assigned to a subset of scientists who are capable of performing
the task, i.e., ∈s S j( ). Task j can be done by scientist s if ∈j J s( ). The
binary decision variable xijst indicates if task j of project i is started by
scientist s in time t f, i determines the completion time of project i, and
ui is the tardiness of project i.

We define two subsets for the projects with priority and scientist
preference requirements: (i) the subset ISP consists of projects that have
scientist preferences, (ii) the subset IHP consists of projects that have
high priority. The completion of a high priority project before the due
date is more important compared to the projects without priority.
Additionally, the biomanufacturer aims to start and complete high
priority projects within a specified time period.

The model with the objective function (1a) and constraints (1c)-
(1m) summarize the mixed-integer linear program formulation of the
proactive scheduling approach.
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The objective function (1a) minimizes total tardiness of projects by
assigning higher weights to the tardiness of projects with high priority.
Constraints (1b) assign scientists to the tasks to be performed for each
project, while constraints (1c) assign preferred scientists to the projects
whose scientist assignments are specified. Constraints (1d) aim work-
load balancing by putting lower and upper limit on the workload of
each scientist. Constraints (1e) ensure that the start time of a task is
after the completion time of its predecessor. Constraints (1f) are no-wait
constraints and force a task to start just after its predecessor when
needed. Constraints (1g) ensure project tasks start after the receipt date
of project. Constraints (1h) specify the allowable time period for the
completion time, and constraints (1i) specify the allowable time period
for the start time for each project with high priority. Constraints (1j)
calculate project completion times, and constraints (1k) compute tar-
diness of projects. The assignment restrictions are given by constraints
(1l) and (1m).

The main characteristic of the MILP model with the constraints (1a)-
(1m) is the inclusion of special constraints at the beginning of sche-
duling process to obtain a good schedule. First, the model gives higher
importance to finish the projects with priorities on time, using the
objective function (1a). The allowable time period for project

Table 2
Definitions for MILP model.

Set Definition

I Set of projects (denoted by ∈i I )
ISP Set of projects that requires scientist preferences, ⊂I ISP
IHP Set of projects that requires high priority, ⊂I IHP
J Set of tasks in projects (denoted by indices ∈j k J, )
S Set of scientists (denoted by ∈s S)

S j( ) Set of scientists who can work on task ∈j J
J s( ) Set of tasks that can be done by scientist ∈s S
T Set of weeks (denoted by ∈t T )

Parameter Definition

hij Labor hours required to complete task j of project i
wij Number of weeks required to complete task j of project i
pijk 1, if task j is predecessor of task k for project i, 0 otherwise

nijk 1, if task k has to start just after the completion of task j of project i, 0
otherwise

di Due date of project i
ri Receipt date of project i

aijs 1 if scientist ∈s S j( ) is preferred for task j of project ∈i ISP , 0
otherwise

MaxLoad Upper limit of working hours in a week for each scientist
MinLoad Lower limit of working hours in a week for each scientist

MaxCompi Upper limit of completion time of project ∈i IHP

MinCompi Lower limit of completion time of project ∈i IHP

MaxStarti Upper limit of start time of project ∈i IHP
MinStartl Lower limit of start time of project ∈i IHP

M Weight given to the tardiness of project ∈i IHP

Variable Definition

xijst 1, if task j of project i is started by scientist s in week t, 0 otherwise

fi Completion time of project i
ui Tardiness of project i
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completion is also specified for these projects using constraints (1h).
The biomanufacturer provides the upper limit for completion time,
MaxCompi to have buffer time between the completion and due dates to
be able to compensate for possible failures in the process. On the other
hand, early completion of high priority projects may not be desired
because of storage or financial issues, if the client does not accept early
delivery. For these cases, the lower limit for completion time MinCompi
is determined. Similarly, the allowable time period for project start is
given by constraints (1i). The biomanufacturer needs to specify the
parameter MaxStarti to prevent delays in project starts and the para-
meter MinStarti to prevent early starts. The assessment of the para-
meters MaxComp MinComp MaxStart, ,i i i, and MinStarti is important to
obtain high-quality schedules, furthermore, their poor assessment may
create infeasible schedules. The model also takes into account the sci-
entist preferences when assigning scientists to tasks of projects by
constraints (1c), while it aims to create balanced workloads by speci-
fying the allowable workload range by constraints (1d). The assessment
of the parameters MaxLoad and MinLoad in constraints (1d) could also
impact the feasibility and quality of schedules. As the number of special
constraints increase, these constraints could become conflicting and
create infeasible schedules. We will further discuss the limitations of
proactive scheduling approach in Section 6. Next, we will present the
dynamic scheduling approach that sequentially incorporates additional
constraints into the MILP model.

5. MILP model for dynamic scheduling

We develop a dynamic scheduling approach that uses an initial
MILP formulation and then re-solves the modified MILP model with
additional constraints to improve schedules. To do so, we start with a
relaxed MILP model that initially omits the project priorities, scientist
preferences, and workload balancing constraints from the model de-
scribed in Section 4.

The model with the objective function (2a) and constraints (2b)-(2j)
summarize the initial mixed-integer linear program formulation of the
dynamic scheduling problem. We denote the maximum number of
hours that the scientist s can work in week ∈t T by cst.
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The objective function (2a) minimizes total tardiness of projects by
assuming that there is no project with high priority. Constraints (2c)
allow scientist-task assignments if each scientist has enough capacity.

Note that these constraints are different from constraints (1d) and in-
clude the different capacities of scientists without workload balancing
consideration. The other constraints are equivalent to the constraints
given in proactive scheduling model, (1b)-(1m) except scientist pre-
ference constraints (1c), constraints for allowable completion time
period of high priority projects (1h), and constraints for allowable start
time period of high priority projects (1i).

In the dynamic scheduling approach, our objective is to be able to
dynamically customize and update the schedule to incorporate addi-
tional constraints related to complexity of tasks and assignments (See
Fig. 2).

The dynamic scheduling approach is executed with CPLEX in Java
through Concert Technology. The inputs and outputs summarized in
Table 2 are stored in a Microsoft Excel file. The inputs correspond to the
matrices that record the project list, scientist capabilities and capacities.
A sample illustration for the project list is given in Table 3. The table
shows the required tasks for each project, project receipt and due dates,
number of labor hours required per week, and number of weeks re-
quired to finish each task. Fig. 3 shows the timeline of projects given in
Table 3. Tasks are assigned to scientists based on scientist capabilities,
as given in Table 4. The number of hours that each scientist can work
each week is stored in the input table of scientist capacities. Table 5
shows a sample dataset.

After solving the initial MILP model with the inputs specified, we
always obtain a feasible initial schedule. To guarantee the feasibility of
the schedule, we deliberately start with a limited set of constraints such
as task assignments, no-wait constraints, precedence constraints etc.
Later, we add the constraints related to scientist preferences and project
priorities. If adding these constraints leads to schedule infeasibility,
then we try to relax some of the constraints to obtain a feasible sche-
dule.

See Table 6 for a sample initial schedule. This output demonstrates
weekly schedule of projects including tasks, scientist and time assign-
ments. For example, the entry of “CR - T - 30” in week 3 for project A1
shows the assignment of =x 1A T CR1, , ,3 . Scientist CR works on task T for
weeks 3 and 4, spending 30 h each week, and then JG starts task D in
week 5 as denoted by =x 1A D JG1, , ,5 . The output also lists whether a
project is delivered to a client before its due date.

A key aspect of the approach is that the schedule can be revised by
running the model iteratively and interactively. After an initial sche-
dule is obtained, the user can specify high priority projects, preferred
scientist and time assignments as additional constraints to develop a
revised and improved schedule. The user can also freeze portions of the
schedule and update scientist availabilities. In this manner, a schedule

Fig. 2. Approach used in dynamic scheduling.
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can be iteratively improved. The steps of dynamic scheduling approach
are summarized in Algorithm 1. Next, we illustrate how the initial
schedule is improved through dynamic scheduling.

Algorithm 1. Dynamic Scheduling Approach

Input: Project list, scientist capabilities, scientist capacities
Output: Revised schedule
Initialization: Create an initial schedule using the model in Section 5. = ∅IHP
Revision stage:
while schedule is feasible but not acceptable
if freezing or changing assignments required

Freeze acceptable assignments
Specify the assignment needs to be changed
Run the model with revisions, return revised schedule

end if
if priorities change for project i

Move project i to IHP , update objective
Run the model with revisions, return revised schedule

end if
if scientist capacities change

Change the input of scientist capacities
Run the model with revisions, return revised schedule

end if
if scientist capabilities change

Change the input of scientist capabilities
Run the model with revisions, return revised schedule

end if
end while
Retrieval stage:
if schedule is not feasible
reverse the last revision, run the model, return last revised schedule
go to

Revision stage
end if

Priority change: If a project i needs to be given high priority, the
corresponding cell under “Priority” column is filled to revise the sche-
dules incorporating this changed priority for project i. This revision
updates the objective function (2a) as shown below.

∑ ∑+
∈ ⧹ ∈

u Mu
i I I

i
i I

i
HP HP (3)

When the user specifies a project as high priority, that project is added
to the set of high priority projects, IHP, and a revised schedule is

generated using the objective function in Eq. (3). The user could also
specify the assignment for first task and/or last task to change the start
and/or completion time of high priority projects. For example, Table 7
shows how projects A5 and A6 are specified as high priority projects. In
this example, the user also moves the start date of project A5 to week 3
and labels this project by entering “Freeze” under “Update” column.
This change adds the constraint in Eq. (4) to the model.

=x 1A T KR5, , ,3 (4)

Table 8 shows the updated schedule after running the model with
the changes in Table 7. Note that, with high priority, project A6 is
delivered on time, whereas, the completion of project A1 would be late
due to resource constraints.

Freezing or changing project schedules: The scheduler can also
impose equality constraints for particular task, scientist, and time as-
signments corresponding to a project to “freeze” a portion of the
schedule or to prevent specific assignments in the schedule. In the

Table 3
Sample list of projects.

Project (i) Task (j) Receipt date
(ri)

Due date
(di)

Number of hours in a week
(hij)

Number of weeks
(wij)

A1 Tissue culture expression Week 1 Week 8 30 2
A1 Downstream purification Week 1 Week 8 25 1
A1 Quality control Week 1 Week 8 24 1
A2 Tissue culture expression Week 2 Week 9 10 2
A2 Downstream purification Week 2 Week 9 30 1
A2 Quality control Week 2 Week 9 8 1

Fig. 3. Timeline of projects given in Table 3.

Table 4
Sample list of scientist capabilities.

Task (j) Scientists (S j( ))

Molecular biology (M) KR
Plasmid prep (P) KR, CR

Tissue culture expression (T) MF
E.coli expression (E) KR, CR

Downstream purification (D) JG, NK, JR, MS, MM
Quality control (Q) JG, NK, JR, MS, MM

Table 5
Sample list of scientist capacities.

Scientist Week 5 Week 6 Week 7 Week 8

KR 40 40 40 30
CR 30 40 40 40
MF 40 40 40 40
JG 40 40 40 40
NK 40 40 40 40
JR 0 30 40 40
MS 40 40 30 40
MM 40 40 40 40
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revised schedule shown in Table 9, the schedule for projects A3, A5,
and A6 are found to be acceptable, and they are “frozen” labelling them
with “Freeze” under “Update” column. In this case, the constraints
given in Eq. (5) are added to the model to freeze the schedule for
project A3.

= = =x x x1 1 1A T CR A D NK A Q JG3, , ,6 3, , ,8 3, , ,9 (5)

On the other hand, the user labels project A4 with “Change” to indicate
that current assignment in Table 8 is not preferred. In this case, dif-
ferent scientist and/or time assignments will be explored as part of the
next solution iteration with the addition of the following constraint to
the model.

=x 0A T CR4, , ,8 (6)

It is also possible to directly improve a schedule by modifying the
schedule on the output. For instance, if the current assignment is not
acceptable due to scientist assignment, and preferred scientist is known,
the user simply changes scientist initials on the output and enter
“Freeze” under “Update” column. The scheduling model runs to ac-
commodate the specified schedule with the additional constraints and
gives a warning if it is not feasible to do so.

Capacity change: The user can also incorporate changes in scientist
capacities by updating the input table listing the scientist capacities
(Table 5). This change is reflected in constraints (2c) in the model.
Table 10 illustrates a sample output. For instance, scientist JR is re-
quired to work on a new internal R&D project, and his capacity in week
9 needs to therefore be reduced to 15 h. In this case, task Q of project
A1 is assigned to MS, and JR takes over a shorter task, task Q of project
A2.

Capability change: The user can change scientist capabilities by
updating the input table listing the scientist capabilities (Table 4). This

change updates the constraints that include sets S j( ) and J s( ). For in-
stance, if the company hires scientist EL specialized on quality control
(task Q) to decrease the workload of other scientists, the corresponding
change will be reflected by S(Q)={EL}. Note that all scientists who can
perform downstream purification can be assigned to quality control
before the change (i.e., S(Q)={JG, NK, JR, MS, MM} before the
change). Table 11 illustrates a sample output after updating scientist
capabilities on the initial schedule given in Table 6.

The dynamic scheduling approach described above is essential for
protein manufacturing companies as they face complex scheduling
challenges. Incorporating the ability to interactively revise schedules
gives the user an opportunity to consider different constraints to pro-
gressively improve a starting feasible schedule to yield an improved
final schedule.

6. Numerical experiments

In this section, we conduct numerical experiments to investigate the
performance of the proactive and dynamic approaches for scheduling
protein manufacturing projects. We report the results of numerical
studies conducted on six different scenarios summarized in Table 12.
The six scenarios differ in terms of time period and number of projects.
In terms of time period, the scenarios include schedules for 1-month, 3-
month, and 6-month time periods. For a given time period, we also
consider sub-scenarios where the biomanufacturer is relatively more
busy, i.e., needs to schedule more projects than at other times. For
example, the biomanufacturer might need to schedule 25 projects in a
busy month, whereas during another month, the biomanufacturer
might need to schedule only 15 projects. In each of these six scenarios,
20% of the projects are in the subset ISP, and 20% of the projects are in
the subset IHP. We develop schedules for each of these scenarios using

Table 6
A portion of the initial schedule.

Project No Receipt
Date

Due Date Update Priority Status Week 3 Week 4 Week 5 Week 6 Week 7 Week 8 Week 9 Week 10

A1 Week 1 Week 8 On time CR - T - 30 CR - T - 30 JG - D - 25 MM - Q - 24
A2 Week 2 Week 9 On time CR - T - 10 CR - T - 10 NK - D - 30 MS - Q - 8
A3 Week 4 Week 10 On time CR - T - 20 CR - T - 20 JR - D - 35 MS - Q - 12
A4 Week 6 Week 15 On time CR - T - 15
A5 Week 2 Week 8 On time KR - T - 30 KR - T - 30 JG - D - 30 MS - Q - 24
A6 Week 3 Week 8 Late KR - T - 30 KR - T - 30 JR - D - 40 NK - Q - 24

Table 7
A portion of the initial schedule with the revisions specified by the user.

Project No Receipt
Date

Due Date Update Priority Status Week 3 Week 4 Week 5 Week 6 Week 7 Week 8 Week 9 Week 10

A1 Week 1 Week 8 On time CR - T - 30 CR - T - 30 JG - D - 25 MM - Q - 24
A2 Week 2 Week 9 On time CR - T - 10 CR - T - 10 NK - D - 30 MS - Q - 8
A3 Week 4 Week 10 On time CR - T - 20 CR - T - 20 JR - D - 35 MS - Q - 12
A4 Week 6 Week 15 On time CR - T - 15
A5 Week 2 Week 8 Freeze High On time KR - T - 30
A6 Week 3 Week 8 High Late KR - T - 30 KR - T - 30 JR - D - 40 NK - Q - 24

Table 8
A portion of the revised schedule with priority assigned to projects.

Project No Receipt
Date

Due Date Update Priority Status Week 3 Week 4 Week 5 Week 6 Week 7 Week 8 Week 9 Week 10

A1 Week 1 Week 8 Late KR - T - 30 KR - T - 30 JG - D - 25 JR - Q - 25
A2 Week 2 Week 9 On time KR - T - 10 KR - T - 10 MM - D - 30 MM - Q - 8
A3 Week 4 Week 10 On time CR - T - 20 CR - T - 20 NK - D - 35 JG - Q - 12
A4 Week 6 Week 15 On time CR - T - 15
A5 Week 2 Week 8 High On time KR - T - 30 KR - T - 30 JG - D - 30 MM - Q - 24
A6 Week 3 Week 8 High On time CR - T - 30 CR - T - 30 MS - D - 40 JG - Q - 24
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both the proactive scheduling (Section 4) and dynamic scheduling
(Section 5) approaches.

6.1. Comparison of approaches

First, we compare proactive and dynamic scheduling approaches in
terms of the size of corresponding MILP models and their ability to
determine feasible schedules. In the MILP model used for proactive
scheduling with the constraints (1a)-(1m), the model produces more
than 1500 constraints with over 4800 variables for a 1-month schedule.
For a formulation corresponding to a time period of 3-months, the
model produces more than 54,000 variables and 9200 constraints. In
contrast, the initial MILP model used for dynamic scheduling with the
constraints (2a)-(2j) produces roughly 1000 constraints with 4800
variables for a 1-month schedule. For the corresponding formulation for
the problem with a time period of 3-months, the model produces
roughly 54,000 variables and 8000 constraints. However, the dynamic
scheduling approach sequentially includes additional constraints re-
lated to project priorities and scientist preferences, allowing the user to
check the efficiency of the resulting schedules after each step. In our
experiments, we observe that the total number of constraints added in
dynamic scheduling approach was less than the number of constraints
of proactive scheduling. For instance, for 3-month schedule, the total
number of constraints was roughly 9200 for proactive scheduling, while
it was 8500 for dynamic scheduling.

We also observe that, if both approaches are able to identify feasible
schedules, then there is no significant difference in the performance of
proactive and dynamic scheduling approaches in terms of their final
objective function values or the structure of the final schedule. We note
several instances where both approaches were able to create schedules
that result in zero tardiness for all projects. However, in some instances,
the proactive scheduling approach was unable to produce feasible
schedules. The main reason is that in proactive scheduling approach,
the user needs to pre-determine the parameters for the special con-
straints (e.g., upper and lower limits for scientist workloads, project
start and completion times), and their realistic assessment is crucial to
obtain a feasible schedule. Further, even if these parameters are care-
fully chosen, the large number of constraints included in proactive
scheduling could result in infeasible schedules. As summarized in

Table 12, we observe that both approaches could create feasible sche-
dules if the number of projects is low for a given time period. As the
number of projects increases in the same period, proactive scheduling
does not obtain a feasible schedule in two scenarios. One exception we
observe however is that it could create a feasible schedule for 1-month
period possibly due to relatively less number of additional constraints.

We also note that proactive scheduling approach and dynamic
scheduling approach are comparable in total run times for small in-
stances. For example, to create schedules of 15 projects for 1-month, the
time that dynamic scheduling approach takes during 3 iterations is very
similar to the time that proactive scheduling approach takes during 1
iteration. However, the total time to construct scheduling model is
longer in proactive approach than in dynamic approach, since more
constraints needs to be defined with additional parameters. For this
reason, we report only run times for dynamic scheduling approach in
Section 6.2.

6.2. Performance of dynamic scheduling approach

Next, we investigate the performance of the dynamic scheduling
approach in more detail. To facilitate this study, we created a sche-
duling tool that uses dynamic scheduling approach summarized in
Section 5. The scheduler updates the inputs on the Microsoft Excel file,
and runs an executable file created in Java. This executable file runs the
Algorithm 1. The user specifies the required revisions as illustrated in
Section 5. In the revision stage of Algorithm 1, the modified MILP
model is created with the specified revisions. Solving the model by
ILOG CPLEX 12.5, the output is written on the Excel file. If the model
generates an infeasible solution, the user needs to remove the last re-
vision that creates infeasibility and run the model to find the last fea-
sible schedule (i.e., the retrieval stage of Algorithm 1). We use com-
puter Intel(R) Core(TM) i3-2310 M CPU@2.10 GHz, 8 GB RAM and
Windows 7.

Additionally, workload summary graphs are created for each sci-
entist to facilitate understanding capacity issues during the scheduling
period. Once the scheduling tool had the required functionality with the
revision features and workload summary graphs, efforts focused on
automating inputs and outputs of the tool. The scheduling tool was set
up so that users do not have to interact with the mathematical model.

Table 9
A portion of the revised schedule with “Freeze” and “Change” features.

Project No Receipt
Date

Due Date Update Priority Status Week 3 Week 4 Week 5 Week 6 Week 7 Week 8 Week 9 Week 10

A1 Week 1 Week 8 Late KR - T - 30 KR - T - 30 MM - D -
25

JR - Q - 25

A2 Week 2 Week 9 On time KR - T - 10 KR - T - 10 JR - D - 30 MS - Q - 8
A3 Week 4 Week 10 Freeze On time CR - T - 20 CR - T - 20 NK - D - 35 JG - Q - 12
A4 Week 6 Week 15 Change On time KR - T - 15
A5 Week 2 Week 8 Freeze High On time KR - T - 30 KR - T - 30 JG - D - 30 MM - Q -

24
A6 Week 3 Week 8 Freeze High On time CR - T - 30 CR - T - 30 MS - D -

40
JG - Q - 24

Table 10
A portion of the revised schedule with the update of scientist capacities.

Project No Receipt
Date

Due Date Update Priority Status Week 3 Week 4 Week 5 Week 6 Week 7 Week 8 Week 9 Week 10

A1 Week 1 Week 8 Late KR - T - 30 KR - T - 30 MS - D - 25 MS - Q - 25
A2 Week 2 Week 9 On time KR - T - 10 KR - T - 10 JR - D - 30 JR - Q - 8
A3 Week 4 Week 10 Freeze On time CR - T - 20 CR - T - 20 NK - D - 35 JG - Q - 12
A4 Week 6 Week 15 Freeze On time KR - T - 15
A5 Week 2 Week 8 Freeze High On time KR - T - 30 KR - T - 30 JG - D - 30 MM - Q -

24
A6 Week 3 Week 8 Freeze High On time CR - T - 30 CR - T - 30 MS - D - 40 JG - Q - 24
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The tool generates schedules and workload summary graphs as outputs,
and users can run the model again after revising the resulting schedules
on the same Excel file. Fig. 4 shows the user interface of the tool on a
Microsoft Excel file.

Using the tool, we executed Algorithm 1 and conducted test runs to
evaluate the performance of dynamic scheduling approach and the
scheduling tool. Table 13 lists the results for the scheduling of six
scenarios with different time periods and project volume. We use a gap
value of 0.01% to solve the MILP in each iteration. In Table 13, we
present how many iterations were required to find a satisfactory sche-
dule for each scenario and total run times to complete these iterations.
In each iteration, we applied multiple revisions illustrated in Section 5
to improve the obtained schedule. Total run time is the time from
running executable file until obtaining the satisfactory schedule.

Based on the results in Table 13, we conclude that the total run
times to find a satisfactory schedule are reasonable, since our industry
collaborator currently spends a significant time in meetings to develop
a satisfactory schedule using a manual process. For instance, the sche-
dule for 1-month requires weekly meetings in excess of −2 3 hours. In
total, the biomanufacturer spends more than 10 h in a month to create
and update schedules. With the dynamic scheduling approach, and the
automation provided by the tool, we can obtain a satisfactory schedule

in 27 s for a 1-month scenario that is less busy, and in 66 s for a 1-month
scenario that is relatively busy.

For each scenario given in Table 13, we list the CPLEX run time to
find the initial schedule and the second revised schedule in Table 14.
We also present total run times to find the initial schedule and the
second revised schedule, i.e., time from running executable file until
obtaining output in each iteration. We observe that the difference be-
tween run times of first iteration and second iteration is not significant
when the problem size is small. As we increase the number of projects
and time periods, the run times increase more with additional con-
straints specified by the user. For instance, the total run time to find a
satisfactory schedule is 2900 s (<1 hour) for 115 projects in 6 months.
These run times emphasize the significant benefits of using the dynamic
scheduling approach for scheduling protein manufacturing projects.

7. Industry implementation

In this section, we briefly discuss the industry implementation of the
dynamic scheduling tool at Aldevron - a contract biomanufacturer for
plasmid DNA, proteins, enzymes for drug development and manu-
facturing. The tool was developed, validated, and tested over a time
period of eight months. The current practice at Aldevron is to adopt a

Table 11
A portion of the revised schedule with the update of scientist capabilities.

Project No Receipt Date Due Date Update Priority Status Week 3 Week 4 Week 5 Week 6 Week 7 Week 8 Week 9 Week 10

A1 Week 1 Week 8 On time CR - T - 30 CR - T - 30 JG - D - 25 EL - Q - 24
A2 Week 2 Week 9 On time CR - T - 10 CR - T - 10 NK - D - 30 EL - Q - 8
A3 Week 4 Week 10 On time CR - T - 20 CR - T - 20 JR - D - 35 EL - Q - 12
A4 Week 6 Week 15 On time CR - T - 15
A5 Week 2 Week 8 On time KR - T - 30 KR - T - 30 JG - D - 30 EL - Q - 24
A6 Week 3 Week 8 Late KR - T - 30 KR - T - 30 JR - D - 40 EL - Q - 24

Table 12
Summary of project list.

Number of
projects

Total
number of

tasks

Time period Feasibility of
proactive
scheduling

Feasibility of
dynamic
scheduling

15 58 1 month ✓ ✓
25 105 1 month ✓ ✓
25 108 3 month ✓ ✓
45 182 3 month ✓

60 234 6 month ✓ ✓
115 448 6 month ✓

Fig. 4. The user interface of scheduling tool.

Table 13
Summary of test runs: Number of iterations and total run time.

Number of
projects

Number of
tasks

Time period Number of
iterations to find a

satisfactory
schedule

Total run time (s)
to find a

satisfactory
schedule

15 58 1 month 3 27
25 105 1 month 5 66
25 108 3 month 4 56
45 182 3 month 7 130
60 234 6 month 5 182
115 448 6 month 12 2900
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manual approach to solve scheduling problem. Typically, a team of
scientists meets for several hours each week to find good and feasible
schedules that satisfy various constraints. This process is inefficient,
especially when the volume and complexity of projects increase.
Further, when the schedules need to be revised to accommodate the
uncertainties in protein manufacturing operations, creating good and
feasible schedules was a challenge. As part of the efforts to implement
dynamic resource scheduling at Aldevron, the company launched a
workflow management form called Protein Production Management
with online documentation. This platform provided the required inputs
for the scheduling tool (project list, scientist capabilities and capa-
cities). After initial validation runs, we compared the quality of the
schedule generated by the tool with the actual schedule developed by
management at Aldevron. The quality of the schedule was much better
than the schedule developed by Aldevron. The dynamic scheduling
approach was also able to incorporate several additional constraints
that Aldevron wanted to incorporate, thereby not only delivering more
projects on time, but also saving several hours of planning time. In
collaboration with Aldevron, we also conducted working group sessions
with a broader group of biomanufacturers that had identified sche-
duling is a common problem (BioWGS, 2016). These sessions resulted in
minor refinements of the tool, reinforcing our belief that the dynamic
scheduling approach can be easily adopted by other biomanufacturing
companies and integrated into their enterprise management systems.

8. Conclusions

In this paper, we present an efficient approach for addressing
complex scheduling problems in the biomanufacturing industry. Since
this industry has received limited attention from the scheduling com-
munity, we first use the example of protein manufacturing and describe
the complexities related to resource scheduling in this industry. Each
protein manufacturing project is custom and requires resources with
specific capabilities and limited capacities. Further, resource require-
ments and tasks can change dynamically with the outcome of each
preceding task. Current practice is to either adopt a manual approach or
a proactive approach to solve this resource scheduling problem. We
describe the proactive approach and also propose an alternate dynamic
scheduling approach to solve this problem. In the dynamic scheduling
approach, we initially solve a mixed-integer linear program with lim-
ited complexity and then iteratively modify this model to incorporate
additional constraints. This process progressively incorporates all the
necessary constraints into the problem and also ultimately yields a
schedule of superior quality. Using numerical studies, we compare the
performance of the dynamic scheduling approach with the traditional
proactive scheduling approach. We find that the proactive approach
results in larger formulations with more constraints and has the risk of
being unable to identify feasible schedules. The dynamic scheduling
approach is a more efficient approach from this perspective. It also
provides the user the ability to freeze and change selected portions of
the schedule to yield a final schedule that is superior. We also show how
the approach can be used to include scheduling constraints such as no-
wait constraints and challenges related to new order arrivals, unavail-
ability of scientists, change in task duration, scientist preferences, and

balancing limited capacity and capability of resources. We also develop
a scheduling tool in collaboration with the industry and test the im-
plementation of the approach with our collaborators. We believe that
this approach can not only be very useful in the biomanufacturing in-
dustry, but can also be expanded to address similar complex scheduling
problems in other industries. Exploring these extensions would be a rich
area for future research.
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