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Services Offered
Chemic Laboratories, Inc. offers a 

wide array of cGMP/GLP contract 

testing services including:

• Quality Control Testing 

of raw materials, API’s 

and finished products

• Monograph Testing 

(USP, EP, BP and JP)

• CMC Method Development 

& Validation

• Degradate Quantitation

• Extractables and 

Leachables Analysis

• Container Closure Assessment

• ICH Storage and Accelerated 

Stability Studies

• GMP/GLP Method 

Development and Validation

•  rganic Synthesis and 

Formulation Development

Who We Are
Chemic Laboratories, Inc. is a full service cGMP/GLP contract 

analytical chemistry laboratory. Chemic provides an array of R&D and 

cGMP contract testing services including; Extractables/Leachables 

analysis, CMC Method Development & Validation, Quality Control 

analysis, Release testing, Raw Materials analysis, Compendial testing, 

 rganic Synthesis/Formulation Development & ICH Stability testing. 

Chemic continually strives to exceed the requirements and expectations 

of our sponsors. We are committed to providing quality services 

to our clients in support of their product development needs. 

Major Markets 
Chemic Laboratories, Inc. is located in Canton, Massachusetts 

and provides cost-effective outsourcing solutions to a broad 

spectrum of global clients in the pharmaceutical, medical device and 

biopharmaceutical industries. We are committed to developing long 

term strategic alliances with our clients. Chemic offers the ideal blend 

of expertise and experience that is critical to our clients’ success.

480 Neponset Street,  

Building 7, Canton, MA 02021

Tel. 781-821-5600

Fax 781-821-5651

www.chemiclabs.com
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development, manufacturing, formulation and drug delivery, API synthesis, analytical 
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34 Comparing Methods for  
Determining Out-of-Trend Stability Test Results
The author has used simulation to compare methods for determining out-of-
trend stability test results under varying scenarios of sample size, relative lot-to-
lot and within-lot variation, and extent of analytical or process control OOT. 

PEER-REVIEWED RESEARCH
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The availability of materials is a critical  
factor when it comes to vaccine capacity.
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Rita Peters is editorial 
director of Pharmaceutical 
Technology. Send your 
thoughts and story ideas to 
rpeters@mjhlifesciences.com.

Rita Peters

A lesson of the COVID-19 pandemic 
is the need for accurate, unbiased, 
science-based evidence to support 

public and personal health decisions. As 
a society, we sometimes have a difficult 
time embracing this concept. 

Too often, announcements—both 
good and bad—about diagnostic testing, 
the spread of the virus, and the devel-
opment and manufacturing of vaccines 
were packaged to meet specific messag-
ing agendas by bio/pharma companies, 
policymakers, and the media. 

For years, drug companies routinely 
released press announcements to industry 
and investor communities about the sta-
tus of drug candidates in advance of peer 
or regulatory review. The intense public 
interest in the progress of COVID-19 
vaccine candidates placed these an-
nouncements in the spotlight, with some 
negative consequences. 

Recently, the data and safety moni-
toring board (DSMB) overseeing Astra- 
Zeneca’s COVID-19 vaccine candidate 
raised an alarm that the company’s 
March 22, 2021 press release (1) reporting 
initial data from a Phase III clinical trial 
included outdated efficacy data. The Na-
tional Institute of Allergy and Infectious 
Diseases (NIAID) urged the company “to 
work with the DSMB to review the effi-
cacy data and ensure the most accurate, 
up-to-date efficacy data be made public 

as quickly as possible” (2). AstraZeneca 
released updated data on March 25, 2021 
in another press statement (3).

In a March 23, 2021 interview with 
ABC News, Anthony Fauci, NIAID di-
rector, noted that the AstraZeneca can-
didate “is likely a very good vaccine”, but 
the inaccurate information in the press 
release was outdated and a bit misleading; 
Fauci characterized the confusing press 
statements as “an unforced error” (4).

Don’t mix the messages
A science-by-press-release approach with 
its dangerous and embarrassing implica-
tions is unfortunately making its way to 
the business and scientific press.

In the past few months, the editors 
of Pharmaceutical Technology have 
seen a new, disturbing trend: the influx 
of press announcements, articles, and 
commentary from drug companies 
and industry suppliers that are strictly 
self-promotional and have little to no 
objective, scientific, or technical value 
for readers. We’ve received pitches about 
obscure products with no application 
for drug development, quotes from ex-
ecutives that extoll the virtues of their 
business, and promises for technical 
articles that turn out to be repurposed 
marketing literature.

Business publications such as Phar-
maceutical Technology rely on the in-
dustry supplier market for financial 
support; however, the industry suppli-
ers need independent publications to 
reach the qualified audience that seeks 
the technical insight and analysis pro-
vided by experts in pharmaceutical sci-
ences. Attempts to substitute marketing 
or advertising messages for substantive 

science- and technology-driven infor-
mation can backfire.

Many forms of messaging are avail-
able; using the most appropriate form 
for the intended purpose will increase 
the potential for the message to be 
heard and acknowledged. 

Share the story of your company’s 
capabilities and products in paid ad-
vertising and content marketing pro-
grams. Contribute to the credibility 
and independence of advancing bio/
pharm science by sharing objective, 
non-promotional information about 
drug development, formulation, man-
ufacturing, and quality processes by 
authoring a technical article to Phar-
maceutical Technology.

The editors welcome objective, in-
formative editorial driven technical ar-
ticles authored for Pharmaceutical Tech-
nology by experts at bio/pharmaceutical 
companies, regulatory authorities, in-
dustry suppliers, and consultants on 
process and formulation development, 
manufacturing operations, drug deliv-
ery, packaging, labeling, and distribu-
tion. View the editorial guidelines at 
www.PharmTech.com/editorial_info.
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Looking to 
Accelerate 
Biopharmaceutical 
Development?
PDA’s Newest Publication is the 
infl uential resource you need!
Quality by Design—An Indispensable Approach to Accelerate 
Biopharmaceutical Product Development is an important 
contribution to the ongoing dialogue on strategies for 
accelerating CMC product development of biotherapeutics
and vaccines.

More than 60 authors have contributed to this infl uential text that demonstrates how Quality by Design (QbD) can 
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acceptable, and hence what elements of product, process, and analytical development can be streamlined. 
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and academic institutions, and covering the following topics:  

• Product Understanding 
• Process Understanding and Modeling
• Analytical Strategy and Modeling
• Platform Knowledge
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maintain the pace of innovation when you read
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EDITORS:
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Triple Shaft Mixers
Triple Shaft Mixers from ROSS are 
designed to adapt to various viscous 
applications requiring hygienic and 
sanitary handling. These include 
powder wet-out and dispersion, 
temperature control, emulsification, 
homogenization, and degassing, which 
can be accomplished in one vessel to 
produce creams, gels, and pastes in a 
repeatable and clean mixing process.

Equipped with electropolished and 
passivated product contact surfaces, 
the VersaMix (pictured) features 
full vacuum operations and an internal pressure of up to 5 psig to 
accommodate nitrogen blanketing. Additionally, this VersaMix includes 
an ASME-stamped mixing vessel supplied with a matching platen-style 
discharge system, and CE-marked motors and ATEX-rated operator 
panels are suitable for use in a Zone 1 classified area. These features 
are available across all VersaMix sizes from one to 500 gallons. Large 
models in a fixed-tank configuration are available as well.

Charles Ross & Son Company
www.mixers.com

Peristaltic Pump for 
Biopharmaceutical Applications
Hig h Pur i t y  N ew Eng lan d 
l a u n c h e d  t h e  Ve r d e r F l ex 
Va n t a g e  5 0 0 0  p e r i s t a l t i c 
pump for medium f low at 
low to medium pressures in 
biopharmaceutical applications. 

With a flow rate from 70 µL/min up to 6600 mL/min, the pump 
includes advanced record keeping and control options, with 
accuracy within 1% and the option to store up to 30 different 
programs. The pump also features touch-screen technology that 
gives users access to downloadable jobs, pump histories, and the 
ability to remotely monitor the pump through the Verderflex app. 
Additonally, the touchscreen feature comes equipped with icon-
based programming, real-time stamped events, and the option to 
onboard storage via a USB. 

High Purity New England
www.hp-ne.com

Miniature Smart Sensors
SICK introduced the SICK W4F line of 
miniature smart sensors designed 
to reach next-generation detection 
performance while including new 
optical technologies to solve typical 
pharmaceutical sensing challenges. 
Comprised of eight different sensor 
types, the sensors each feature a 
16-mm x 40-mm x 12-mm housing, 
BluePilot push-turn pinpoint align-
ment, on-sensor status display, and machine integration options for 
multiple application regardless of available mounting space. 

The sensors are divided into two ranges, Optical Experts and 
Optical Standards. New additions within the Optical Experts group 
include the SICK W4F MultiSwitch for detecting objects while upright 
or on their sides; the W4F Foreground Suppression for detecting 
flat products and blister packs; the W4F V-Optic for detecting mir-
ror-reflective or completely transparent products; and the SICK W4F 
DoubleLine to detect components with uneven surfaces, recesses, 
holes, perforations, grids, or grooves. The Optical Standards range 
features the new W4F Narrow-beam sensor for detection of jet-black 
objects with a remission of less than 1%.

SICK
www.sick.com

Wrap-around Labeler with 
Continuous Labeling 
Capabilities
HERMA US announced it now includes 
continuous labeling capabilities for 
its 132M HC Wrap-around Labeler. 
By installing two new modules, the 
EasySplicer and the EasyCutter, the 
device now allows for label and backing 
paper reels to be changed or disposed 
of without production interruption, which 
is ideal for the 132M HC as it requires 
replacement every 10 minutes. 

The EasySplicer comes equipped with a label buffer so the 
machine will continue to run as it reaches the end of a label web, 
allowing the user to execute the splicing process so the new label 
web is spliced to the fixed web before the buffer runs out. In addi-
tion, the EasyCutter has the ability to vacuum up the empty backing 
paper and chop it up for easy recycling, eliminating the need for 
manual removal of rewinded backing paper. 

HERMA US
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Pressure Mounts for FDA to 
Ramp Up Drug Inspections

F or years now, US Congressional 
leaders and policy watchdogs 
have urged FDA to bolster its 

oversight of foreign drug manufac-
turing facilities to better ensure the 
quality and safety of the growing 
volume of medicines and ingredients 
imported to the United States. With 
the cancellation of most field site 
visits in 2020 due to the coronavirus 
pandemic, FDA now faces a serious 
backlog in inspections both in the 
US and abroad, raising the risk of 
shortages in vital medicines as well 
as access to needed treatments to 
counter new variants to the COVID-
19 virus. Greater scrutiny of the vul-
nerability in the biopharmaceutical 
supply chain, moreover, as more 
drug manufacturing has shifted 
overseas, has increased pressure on 
FDA to renew site visits of facilities 
at home and around the world. 

FDA Acting Commissioner Janet 
Woodcock responded to these con-
cerns in a posting on March 18, 2021 
that outlines a range of alternative 
methods the agency is using to verify 
the quality systems used to produce 
regulated products (1). She added 
that FDA is studying how to incor-
porate additional data sets and new 
technologies for facility oversight 

and will work with industry to ex-
pand the use of remote interactive 
evaluations, such as livestreaming 
video of operations, teleconferences, 
or screen sharing. Moreover, Wood-
cock indicated that as part of efforts 
to prepare for “resuming a more 
normal state of operations,” FDA 
is examining “how best to address 
inspectional act iv it ies that were 
paused due to the pandemic.”

Even before the COVID-19 pan-
demic, FDA faced significant chal-
lenges in conducting timely inspec-
tions of foreign facilities, namely a 
shortage of trained investigators, the 
need to pre-announce facility inspec-
tions, and language barriers that made 
site assessments more difficult and less 
reliable. The pandemic has made the 
situation even worse, according to the 
latest report from the Government Ac-
countability Office (GAO), which finds 
that FDA failed to complete more than 
1000 of planned surveillance inspec-
tions in 2020 due to travel restrictions 
and safety concerns imposed by the 
pandemic. FDA conducted only three 
foreign mission critical inspections 
and 52 domestic inspections between 
March and October 2020, compared 
to more than 600 foreign inspections 
during the same period in 2019 (2). 
FDA’s China office resumed some pre-
approval inspections in October 2020, 
but plans for surveillance inspections 
remain uncertain. 

Backlog raises risks
GAO predicts that continued post-
ponement of planned surveillance in-

spections to ensure compliance with 
good manufacturing practices (GMPs) 
will greatly increase the number of 
facilities in high-risk categories (i.e., 
those never inspected or not visited 
for five years or previously cited for 
infractions). Such developments could 
undermine FDA’s risk-based inspec-
tion program, which aims to better 
target agency resources to operations 
most likely to raise pharmaceutical 
quality and safety issues. 

This serious drop-off in manufac-
turing inspections comes after years 
of complaints from GAO and other 
analysts about inadequate FDA over-
sight of the growing number of for-
eign firms producing drugs and APIs 
for the US. At a hearing last month 
before the House Appropriations sub-
committee that handles FDA funding, 
Mary Denigan-Macauley, GAO health 
care director, expressed fears that the 
mounting inspection backlog could 
take years to address (3). 

As in several past reports, GAO 
criticizes certain FDA inspection 
practices as limiting the effectiveness 
of foreign site visits. A main target 
is the agency’s practice of providing 
up to 12 weeks advance notice of its 
plan to inspect a foreign facility, a 
timeframe FDA officials claim is nec-
essary to ensure that a plant is open 
and operating before making costly 
arrangements to send an inspector. 
Greater use of FDA staff posted in 
China or India can reduce the pre-an-
nouncement timeframe to a few days, 
but these operations are limited. The 
practice of relying on foreign compa-

Concerns over vulnerability in the supply chain has increased  
pressure on FDA to renew site visits of domestic and foreign facilities. 

Jill Wechsler
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nies to select translators for inspections is also noted by 
GAO, which proposes that FDA adopt the European Union 
policy of providing a manufacturer with a list of approved 
translators for the company to select one and pay for the 
service. In the past year, more product sampling and testing 
at US borders led to FDA putting 54 foreign manufacturers 
on “import alert,” but that addresses only a fraction of po-
tential problems and is “not a substitute for an inspection,” 
according to the GAO analysts. 

FDA’s field inspection program continues to have dif-
ficulties in hiring and training investigators, particularly 
those able and willing to travel overseas. The legislators 
noted that Congress provided additional funds in 2020 
to address problems with the foreign inspection program, 
but that the resources were used primarily to update and 
correct FDA’s inventory of active manufacturing sites to 
better identify those overseas facilities actually subject to 
inspection. It remains to be seen if FDA is able to address 
some of these issues with a portion of the $500 million in 
additional funding provided to bolster agency programs 
and initiatives to combat COVID-19. 

Manufacturers and agency stakeholders maintain that 
inspections should resume, with investigators being vacci-
nated and provided protective gear. This raises the issue of 
whether inspections of pharmaceutical producers and re-
search sites are considered “essential” under current guide-
lines and therefore should override travel restrictions and 
other limitations on federal agency programs. 

In addition to the cancellation of most GMP inspections, 
GAO also notes a sharp decline in preapproval inspec-
tions usually conducted to support market approval of a 
new therapy. While this change did not delay approval of 
most new applications for much of last year, as many facil-
ities had been assessed prior to the inspection shut-down, 
months of inactivity now appear to be taking a toll on the 
agency’s ability to confirm the capabilities of a facility not 
inspected in recent years (4). 

Members of Congress charged with approving FDA’s an-
nual budget will further address these issues in the coming 
months. Proposals on the table may seek to encourage more 
biopharmaceutical production in the US by authorizing 

“country of origin” labeling or public disclosure of a manu-
facturer’s compliance status, along with added FDA support 
for modern manufacturing systems that can better ensure 
product quality with less oversight. 
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Advanced Manufacturing 
Technologies Shift  
Outside the Box
Jennifer Markarian

Intensified and distributed manufacturing 
approaches create f lexible, local capacity.

At the request of FDA, a committee as-
sembled by the US National Academies 
of Sciences, Engineering, and Medicine 
(NASEM) researched emerging technolo-
gies that have the potential to modernize 
pharmaceutical manufacturing in the 
next five to 10 years. Continuous and in-
tensified processes, as well as mobile and 
distributed manufacturing, were among 
the innovations that could improve qual-
ity and supply security highlighted by the 
committee in a report published in Feb-
ruary 2021 (2). FDA’s Emerging Technol-
ogy Team, the committee noted, has been 
successful in facilitating process develop-
ment, but regulatory review continues to 
be perceived by industry as a barrier to 
modernization. 

Although “reshoring” could be more 
complex in Europe than in the US, the 
pandemic illustrated the need for sup-
ply chain security in Europe as well and 
perhaps created new urgency to reduce 
dependence on bulk active ingredients 
and generic drugs sourced from India 
and China (3). Sanofi and Seqens, for 
example, are putting a new focus on Eu-
ropean API manufacturing  (see Sidebar).

L ong before the COVID-19 pan-
demic put a spotlight on sup-
ply-chain security and drug 

shortages, the pharmaceutical industry 
was working on advanced manufac-
turing technologies that could address 
supply challenges by increasing man-
ufacturing flexibility and efficiency. 
Continuous manufacturing, for ex-
ample, allows drug manufacturers to 
more easily adapt supply to demand, 
incorporate more automation, and 
have tighter control of quality. Con-
tinuous processes with smaller foot-
prints provide mobility, creating the 
potential for distributed manufactur-
ing—even bringing drug production to 
the point of care. The call for reshoring 
manufacturing—coming perhaps most 
loudly from the United States but also 
a concern in other countries—may be 
answered in part by using these ad-
vanced technologies to produce APIs 
or to continuously manufacture drug 

products end-to-end, beginning with 
basic raw materials and ending with a 
finished drug form. 

The US government has been con-
cerned for several years about drug 
shortages and the ability to manufac-
ture essential medicines domestically. 
In October 2019, Janet Woodcock, di-
rector of the Center for Drug Evaluation 
and Research (CDER) at FDA, reported 
to Congress that only 28% of API facil-
ities were located within the US, but 
suggested that advanced manufactur-
ing technologies could enable compet-
itive US-based production that would 
strengthen the security and reliability 
of the US drug supply (1). Woodcock 
noted then that CDER was working 
with the US Biomedical Advanced 
Research and Development Author-
ity (BARDA) to develop a regulatory 
framework and the technology for mo-
bile manufacturing of essential drugs at 
or near the point of care.



Pharmaceutical Technology APRIL 2021    17

Making chemical APIs
Continuous flow chemistry is one of the 
intensified, agile technologies showing 
promise, with some good manufactur-
ing practice (GMP) lines running com-
mercially and other novel processes in 
development. GlaxoSmithKline, for 
example, points to continuous man-
ufacturing as a more efficient and en-
vironmentally friendly approach, with 
smaller operations; the company’s com-
mercial continuous API manufacturing 
process in Singapore requires a facility 
of approximately 100 m2 compared to 
a 900-m2 facility for a batch process (4). 

The CC Flow consortium in Austria 
includes labs at the University of Graz, 
the Graz University of Technology, and 
the Research Center Pharmaceutical En-
gineering (RCPE) as well as industrial 
partners. Researchers are developing 
flow chemistry for continuous API man-
ufacturing, and recent work has looked 
at process analytical technology tools to 
enable process control (5). 

Even smaller, further intensified pro-
cesses are being devised, with modular 
approaches that can produce multiple 
types of drug substances by changing 
the process set-up. The US Department 
of Defense’s Defense Advanced Research 
Projects Agency (DARPA) has funded 
several continuous flow chemistry proj-
ects, promoting portable technologies 
that can be used to make medicines on-
site in the field for the US military using 
a few essential raw materials. 

Such technologies would also have 
the potential to secure the civilian US 
drug supply for chemical APIs. “Flex-
ible, on-demand processes would help 
remove some of the brittleness in the US 
supply chain,” notes David Thompson, 
cofounder and chief scientific officer of 
Continuity Pharma. “Smaller footprint 
processes can also be designed to have 
greater operational efficiency in terms of 
energy and waste. The vision is to create 
more responsive systems that can pro-
duce drugs in an as-needed manner.”

Continuity Pharma, a start-up out of 
Purdue University, is using flow chem-
istry to develop a system that can con-
tinuously manufacture multiple APIs. 
Researchers are initially focusing on 

APIs that have common reaction pro-
cesses to ease rapid changeover. Using 
$1.5 million from DARPA granted in 
September 2020, the researchers are 
building proof-of-concept equipment 
that can produce at least 100 g/day with 
a maximum six-hour turnaround time 
between products by the end of the first 
year of the project, with shorter turn-
around and higher volume the aim of 
the project’s second year, says Thomp-
son. The portable, refrigerator-sized 
units will use continuous synthesis and 
purification by extraction, with a final 
polishing step by batch crystallization. 

SRI International in California had 
developed its SynFini platform, a fully 
automated, small-scale synthetic chem-
istry system, primarily for discovery, 
under an earlier DARPA program, and 
has developed continuous flow multistep 
processes for several APIs at a scale of 
grams per day. In August 2020, SRI was 
awarded a $4.3 million DARPA contract 
to create a process modeling scale-up 
tool that would speed translation of these 
laboratory-scale processes into commer-
cial-scale API production. SRI is work-
ing with a team at Rutgers University 
on the ProSyn digital twin tool and on 
scaling up to a modular platform that 
could be configured to produce a range 
of small-molecule APIs commercially in 
a “just-in-time” capacity model. 

“To compete with the cost-effectiveness 
of offshore API manufacturing, innova-
tive streamlined and automated systems 
are needed,” notes Nathan Collins, chief 
strategy officer of SRI’s Biosciences Divi-
sion and the principal investigator for the 
ProSyn project. “Speed of development 
and manufacturing is also critical. As 
was highlighted by the pandemic, we need 
process development translated into man-
ufacturing within months instead of years.” 

The researchers plan to have proof-of-
concept modules by the end of 2021 that 
can demonstrate the manufacturing pro-
cess. Collins notes that they are concur-
rently building process validation tools to 
enable GMP production. 

Snapdragon Chemistry, a 2014 spinoff 
from the Massachusetts Institute of Tech-
nology (MIT) based in Waltham, Mass., 
has developed flow-based API manufac-

turing processes. In mid-2020 the process 
development company doubled its R&D 
capacity and opened a lab to produce 
gram to kilogram-scale APIs and demon-
strate its continuous flow manufacturing 
technology at pilot scale. The company 
began construction in January 2021 of 
a GMP drug substance manufacturing 
facility, which it plans to commission in 
November 2021. The facility would be set 
up for commercial production of APIs 
using processes designed by Snapdragon. 

In a collaboration with BARDA that 
began in June 2020, the company de-
veloped a synthetic continuous manu-
facturing route for ribonucleotide tri-
phosphates, which are a raw material for 
mRNA-based COVID-19 vaccines. Snap-
dragon is initiating discussions with pro-
spective users, and the materials could be 
produced in the new commercial facility, 
says Matt Bio, CEO of Snapdragon. 

In a separate project launched in Febru-
ary 2021, Snapdragon is using a $1.5 mil-
lion DARPA grant to extend its technology 
to enable efficient US-based production of 
chemicals used in pharmaceutical produc-
tion. “We’ve identified a set of chemical 
building blocks that can be produced on 
the same process-equipment setup using 
only programming changes, and we are 
developing a continuous manufacturing 
platform with next-generation automa-
tion to accomplish this goal,” explains Bio. 
The platform is currently in the R&D stage, 
and Bio anticipates that it could be com-
mercialized within two years.

At Virginia Commonwealth Univer-
sity (VCU), the Medicines for All Insti-
tute (M4ALL) has developed continuous 
flow processing for APIs. The institute, 
founded in 2017 with funding from the 
Bill and Melinda Gates Foundation, has 
focused on expanding access to medica-
tions in developing countries by devel-
oping cost-saving production methods. 
These methods use high-yield reactions 
that don’t require isolating intermediates, 
explains Frank Gupton, CEO of M4ALL. 
In May 2020, M4ALL partnered with 
Phlow Corporation to implement these 
continuous processes for US-based man-
ufacturing of essential medicines, under a 
$354 million contract Phlow received from 
BARDA. Continuous API production pro-
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cesses are currently being developed in the 
M4ALL labs, and the processes will then 
be scaled up to commercial manufactur-
ing by Phlow, says Gupton. The aim is to 
have a full-scale manufacturing facility 
running by the end of 2022.    

Continuous path for OSD drugs 
While FDA has approved one API made 
using continuous flow chemistry, contin-
uous manufacturing—starting with API 
and excipients and ending with finished 
drug—is now being used to produce six 
FDA-approved oral solid-dosage (OSD) 
drugs, including some previously made in 
batch manufacturing as well as new drugs 
approved with continuous OSD processes. 
Early adopters have worked through many 
challenges and are continuing to optimize 
these systems, which offer flexibility of 
scale and use process analytical technology 
and advanced process control to improve 
efficiency and quality. 

Similar to API manufacturing, OSD 
continuous manufacturing lends itself 
to miniaturized processes; small-scale 
equipment can be run for a longer 
time period if more volume is needed. 
Pfizer’s PCMM [Portable, Continuous, 
Miniature, and Modular] system, for 
example, was originally developed in 
2013 in a collaboration using GEA’s 
OSD continuous processing equipment 
and G-CON’s prefabricated cleanrooms, 
and is being used for development as 
well as commercial production. The 
small-footprint systems are designed 

as skid-mounted modules, which adds 
f lexibility. The portability of PCMM 
could allow rapid deployment or re-
deployment, which could lend itself to 
new ways of manufacturing and dis-
tributing drugs (6). These successes in 
continuous OSD manufacturing have 
demonstrated that a regulatory path-
way is possible, which is encouraging 
to other companies working on contin-
uous processes. 

End-to-end manufacturing
Fully end-to-end systems seek to encom-
pass both API and final dosage form 
manufacturing in one integrated system. 
Technology developed at the Novartis–
MIT Center for Continuous Manufac-
turing was demonstrated as a proof-of-
concept end-to-end system in 2012. The 
technology is being leveraged by Novartis, 
which opened a facility in Basel, Switzer-
land in 2017, and US start-up company, 
Continuus Pharmaceuticals. Continuus 
designed and constructed a pilot plant 
using its Integrated Continuous Manu-
facturing (ICM) technology at its facility 
in Woburn, MA, and in January 2021, 
the company was awarded a $69.3 mil-
lion contract from the US Department 
of Defense (DoD) to build a commercial 
ICM facility for US production of three 
critical APIs and their finished dosage 
forms. The facility is expected to be op-
erational within two years. 

Bayan Takizawa, co-founder and chief 
business officer of Continuus, says that 

the company plans to file applications 
to produce and market these drugs as its 
own products. Although there are not, as 
yet, any FDA-approved drugs made with 
a fully end-to-end line, Takizawa notes 
that the FDA’s Emerging Technology 
Team (ETT) is well informed of their ad-
vanced manufacturing platform through 
previous contract work the company per-
formed for the Agency. “Continuus plans 
to maintain close communication with 
the ETT to ensure our efforts are aligned 
with FDA’s expectations,” he adds.

Takizawa says that ICM provides sev-
eral advantages. “The process is fully 
automated, which eliminates human 
errors that often translate into quality 
defects and increased costs,” he explains. 

“We eliminate the starts and stops that 
normally characterize pharmaceutical 
manufacturing, and the entire process 
is located in a single facility, where man-
ufacturing operators are all in constant 
communication. This is very different 
from the currently fragmented model, 
where parts of the manufacturing pro-
cess are performed by different compa-
nies that are not always aligned, often 
resulting in rework. Also important, we 
leverage novel technologies that enable 
integration and this seamless production.” 

The commercial facility will have a ca-
pacity that is several times greater than 
that of the pilot line, with two end-to-end 
lines that will have the capacity to pro-
duce multiple APIs and drug products, 
including both sterile injectables and 

Manufacturers in Europe and the United States have announced plans for new 
in-country API development and manufacturing capabilities. Citing the need to 
balance reliance on API sourced from other regions, in February 2020 Sanofi cre-
ated a standalone company out of the combination of Sanofi’s API commercial and 
development activities at six of its European production sites (1). Sanofi said the 
spin-off company, to launch in 2022 with the name EUROAPI and headquarters in 
France, would allow greater agility to improve supply security (2).

Seqens, with the support of the French government, is adding flow chemistry 
capabilities at its R&D center and four industrial sites in France. The multi-purpose 
units will produce non-good manufacturing practice (GMP) intermediates in the 
short term, and APIs in the long term, including anesthetics, antivirals, and other 
small molecules (3).

In the US, Oregon-based contract development and manufacturing 
organization (CDMO) Cascade Chemistry began construction of five suites for 

Phase I and II current-GMP (CGMP) manufacturing in February 2021, and the 
company plans to add Phase III and commercial CGMP-scale capacity in 2022 (4).

CDMO Regis Technologies is expanding its laboratories in Illinois and installing 
equipment, including kilo-scale reactors, to develop APIs. The company reported 
a growing demand for domestic API development and manufacturing (5). 
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OSD drugs using a “multi-suite” design. 
With the extra capacity beyond future US 
government contract requirements, the 
company plans to produce and market 
its own drugs, as well as provide contract 
manufacturing services. 

While the commercial facility will be a 
conventional, fixed-location facility, Con-
tinuus envisions that the ICM platform 
could also be used in a Mobile Pharma-
ceuticals (MoP) plant, which would be 
housed in a prefabricated pod that could 
easily be transported and deployed across 
the globe to provide regional manufac-
turing and distribution. 

Small-scale end-to-end systems
Innovators are prototyping other mo-
bile manufacturing facilities using con-
tinuous, end-to-end manufacturing at 
small scales of finished drug forms for 
both small- and large-molecule drugs. 
Funding for several of these projects is 
coming from DARPA. Moderna, for ex-
ample, received a DARPA grant in Oc-
tober 2020 as part of DARPA’s Nucleic 
Acids on Demand World-Wide (NOW) 
initiative to develop a mobile, end-to-
end automated, GMP-quality manu-
facturing platform for mRNA vaccines 
and therapeutics for military and local 
populations in remote regions (7).

At the Center for Advanced Sensor 
Technology at the University of Maryland, 
Baltimore County (UMBC), professor 
and director Govind Rao and his team 
have developed the Biological Medicines 
on-Demand (Bio-MOD) platform, which 
uses a cell-free process to translate and 
continuously purify proteins. Bio-MOD 
is a “factory on a chip” that fits in a suit-
case-sized container. Rao says the device 
has been demonstrated to reproducibly 
manufacture several drugs, including 
His-tagged granulocyte-colony stimulat-
ing factor, and that others are in progress. 
The system can also make nucleic acids. 
The group is looking for a partner to be 
a first adopter and take a target molecule 
through FDA approval. “The vision is to 
broadly license the technology so that it 
becomes a standardized production plat-
form,” says Rao. 

On Demand Pharmaceuticals (ODP) 
is developing proprietary Pharmacy on 

Demand (PoD) technology licensed from 
MIT to build a miniaturized, end-to-end 
medicine production system. The Rock-
ville, MD-based company was founded 
with the mission of producing battlefield 
medicines, but the company envisions its 
portable, refrigerator-sized PoD technol-
ogy being used for any localized manu-
facturing. ODP received a $20 million 
contract award from DARPA in Septem-
ber 2020 to further develop its technology 
to produce critical APIs and final dosage 
forms. ODP has demonstrated that the 
technology can produce solid-dosage 
forms (diazepam, diphenhydramine 
hydrochloride, and ciprofloxacin hydro-
chloride tablets) and liquid formulations 
(lidocaine hydrochloride, atropine sulfate, 
as well as medicines used to treat criti-
cally ill COVID-19 patients requiring 
ventilation support). The technology can 
also be used to produce APIs or critical 
precursors as needed.

Although the units are small, they can 
produce significant volumes. “For some 
high-potency drugs, in which one dose is 
less than 10 mg, such as midazolam, one 
PoD running for 24 hours could produce 
as much as 2 million doses,” says Kari 
Stoever, chief external relations officer 
at ODP. The company expects, however, 
that its devices would make finished 
dosage forms of multiple drugs in a dis-
tributed manufacturing model. Stoever 
says that PoDs have demonstrated rapid 
turnaround time of approximately two 
hours for changeover from synthesis of 
one API to another. 

The company moved into a 44,000-ft2 
facility in 2020 and is completing reno-
vations in preparations for CGMP pro-
duction. Stoever says that ODP has been 
working closely with FDA’s Emerging 
Technology Team and anticipates filing 
its first submission to the FDA in the 
next year, with additional product sub-
missions to follow shortly thereafter. 

In addition to domestic production 
capacity and working to ensure the 
protection of military service members, 
ODP sees its technology as useful for or-
phan drug and precision medicine mar-
kets. “Perhaps the most compelling use 
case for the PoD technology resides in 
addressing unmet needs in the world’s 

poorest communities,” adds Stoever. A 
f lexible system for local manufactur-
ing could meet a community’s need for 
a broad range of essential medicines. 

“As the PoD technology matures, we 
will pursue development aid partners 
to work on a low-income model of the 
PoD,” she notes. 

Challenges for novel processes
Although regulators have expressed sup-
port for novel technologies, some regu-
latory barriers do still exist. For example, 
current GMP regulations depend on a 
conventional definition of a facility with 
a physical address; modular and mobile 
manufacturing does not fit this defini-
tion. Real-time release from portable 
systems with innovative process controls 
could also be a regulatory barrier. The 
NASEM committee, however, concluded 
that mobile, end-to-end systems “are be-
coming mature and robust enough to 
push the regulatory envelope within five 
to 10 years,” and that FDA would need to 
take a proactive approach and ease the 
regulatory burden if such systems were 
to be used (2). 

“In a conservative industry, getting 
people to change the way they do things 
is a big challenge. But now there are driv-
ers to innovate, so the question is how fast 
change will occur,” concludes Collins.    
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Complex formulations  
and many challenges
A topical or transdermal drug formula-
tion suitable for development must satisfy, 
simultaneously, several different criteria, 
according to Newsam. The formulation 
must provide an appropriate level of de-
livery and/or permeation (in some cases, 
deposition), no irritation or sensitization 
of the skin, physical and chemical stabil-
ity and compatibility with the container- 
closure system, suitable esthetics charac-
teristics, and regulatory compliance.

“The ultimate objective of any for-
mulator is to produce effective and pa-
tient-friendly formulations, and with top-
ical formulations this can be a complex 
journey,” says Charles Evans, vice-pres-
ident of pharmaceutical development at 
MedPharm. One of the major challenges 
that general formulators face, he adds, is 
the limited understanding of the com-
plexity of topical formulations, particu-
larly from an industry used to working 
on more conventional dosage forms such 
as oral solids and injectables. 

Key challenges for topical formula-
tion relate to the properties of the APIs 
in development today and include sta-
bility, low drug solubility, and perme-
ability, observes Benjamin Goodyear, 
global technical marketing manager for 
BASF’s Pharma Solutions group. These 
challenges must be overcome while 
creating formulations with the right 
sensory characteristics and that are not 
irritating to the skin. 

Many different types of excipients are 
required to achieve the desired perfor-
mance properties of topical formulations, 
which has led to additional challenges. 
Presently, there is no separate approval 
pathway for novel excipients, so formu-
lators generally are only willing to use ex-
cipients that are already used in approved 
pharmaceutical products. 

Most of these excipients were intro-
duced many decades ago and often do 
not have the properties needed to satisfy 
the complex criteria required of topical 
drug products today, which has created a 
real need for novel materials. “Currently, 
discussions regarding possible routes of 
introduction for novel excipients that are 
separate from inclusion in a new drug ap-

T he pharmaceutical market is 
dominated by oral solid and 
intravenous dosage forms. For 

some therapeutic compounds, however, 
conventional delivery is not possible 
due to drug degradation in the GI 
tract, drug instability, the inability to 
get the drug to the target site at the 
required concentration (bioavailabil-
ity), or systemic side effects. For these 
drug substances, topical delivery may 
provide an attractive alternative to 
overcome these challenges in a rapidly 
growing marketplace. 

With topical formulations, it may be 
possible to deliver the active ingredient to 
a specific site and avoid first-pass metab-
olism, changing drug concentrations in 
the bloodstream and patient-specific dif-
ferences. In addition, topical products can 

be applied by the patient and often lead to 
increased medication adherence. “There 
can be substantial benefits to delivering 
a drug topically, even if the intended do-
main of action is systemic,” notes John M. 
Newsam, CEO of Tioga Research. “Top-
ical formulations continue to be of sub-
stantial appeal to populations of patients 
affected by many different conditions. 
Where compliance and patient preference 
have been assessed, a topical or transder-
mal mode of administration is often pre-
ferred over all others.”

In addition to more traditional, 
passive, or molecular means of mod-
ulating the skin barrier using topical 
delivery formats such as emulsions, 
ointments, creams, sticks, gels, foams, 
sprays, and patches, active or physi-
cal methods compromising the skin 
barrier to enable delivery are being 
researched, including microneedles, 
iontophoresis, and electrophoresis, 
among others.

Topical drugs are attractive to patients, but these 
complex products pose challenges for formulators.

Balancing the Art  
and Science of Topical 
Drug Formulation
Cynthia A. Challener

Cynthia A. Challener, PhD, is a 
contributing editor to Pharmaceutical 
Technology.
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plication (NDA) submission have been 
gaining some interest, but as of yet there 
is no clear method outlined by the regu-
latory authorities,” Goodyear says.

The lack of novel excipients is a partic-
ular issue for the formulation of topical 
products based on biologics. Investment 
in biologics is increasing, and in 2019 
they accounted for 35% of all dermato-
logical investments, with topical -focused 
biologics contributing approximately 
5–10% of this total, according to Evans. 

“While they offer targeted treatments for 
a multitude of conditions, their physico-
chemical properties means that biologics 
are inherently difficult to deliver across 
the skin,” he explains.

For proteins, peptides, and nucleic 
acids, Newsam notes that in addition to 
the huge delivery challenge, maintaining 
the stability of the active(s) in the formu-
lation, avoiding degradation in contact 
with skin, and realizing analytical meth-
ods with sufficient sensitivity are all po-
tential issues. Even with complex small 
molecules, susceptibility to isomeriza-
tion, hydrolysis, or reaction with classes 
of excipients can be a primary concern, 
he adds. 

Formulators at small- to mid-sized 
pharmaceutical organizations, mean-
while, may be more inclined to use 
non-pharmaceutical grade materials 
during prototyping and scale up to cut 
development costs, not realizing that 
these materials do not always have the 
same performance as pharmaceuti-
cal-grade excipients, Goodyear observes.

In addition, introducing a safe and ef-
ficacious finished product into the global 
marketplace presents an overabundance 
of difficulties due to region-specific re-
quirements mainly driven by the lack of 
harmonized testing protocols for com-
plex semi-solid dosage forms, according 
to Goodyear. 

There are further challenges for the 
development of topical generic formula-
tions. To be approved as a generic drug, 
a topical formulation must perform 
equivalently to a reference listed drug 
(RLD) product, which can be realized by 
preparing a material that is termed Q1/
Q2/Q3 equivalent. In addition to having 
the same API at the same strength, the 

formulation has the same excipients (Q1) 
in the same relative concentrations (Q2), 
and the same microstructure (Q3). De-
veloping such a formulation, Newsam 
comments, requires the development 
team to first complete a formulation de-
construction operation using a variety of 
analytical tools.

Bioequivalence can, however, be 
achieved with a formulation comprising 
a different slate of excipients. “This ap-
proach opens the interesting possibility 
of gaining patent protection for a generic 
topical product,” Newsam observes.

Key considerations for  
topical formulation development
Formulating effective topical formula-
tions attractive to patients requires con-
sideration and prioritization of numerous 
variables. To address the challenges of sol-
ubility, permeability, and stability for top-
ical formulations requires consideration 
of critical quality attributes. “A blend of 
solvents/co-solvents may be used to im-
prove solubility, chemical penetration 
enhancers can be employed to improve 
permeability, and anti-oxidants, preser-
vatives, pH buffers, etc., can be used to 
stabilize the API, according to Vijendra 
Nalamothu, chairman and CEO of Ter-
gus Pharma.

Topical formulations are typically 
disease-specific, so often certain other 
properties must be achieved or avoided. 
For instance, Nalamothu notes that for 
an acne formulation, oily excipients and 

comedogenic materials (those with a pro-
pensity to clog pores) should be avoided. 
Similarly, a psoriasis or eczema formula-
tion should not contain drying or sting-
ing agents such as alcohols and glycols.

More recently, Newsam notes that 
topical drug formulators have also begun 
to take into account the constitution of 
the microbiome that populates various 
human internal and external body sur-
faces. As an example, he points to the 
connection seen between the character 
of the skin microbiome and the appear-
ance of skin lesions in atopic eczema 
patients. He also observes that selective 
topical antimicrobials are sought that do 
not cause harm to beneficial microbes. 
San Diego-based Pagoda Genomics, for 
instance, has developed the topical pro-
tein formulation Avlo, which exhibits 
selective activity against norovirus, the 
bane of many travelers, especially those 
on cruise ships.

All of these aspects must be consid-
ered in light of relevant consumer ac-
ceptance criteria such as smell, color, 
and texture/aesthetic appeal, Nalam-
othu adds. “The excipients selected to 
ensure that a formulation treats the 
disease and appeals to the consumer 
cannot interfere with the stability and 
permeability of the API,” he states.

Developing improved formulations 
with better application, break, and/or 
finish but that contain the same thera-
peutic effect is often the goal for generic 
topical products, according to Goodyear. 

Development

The COVID-19 pandemic has driven tremendous 
innovation within the pharmaceutical industry 
over the last year. Topical formulators were no 
exception, with many interested in developing ef-
fective solutions for fighting the SARS-CoV-2 virus. 
Tioga Reseach has been helping groups develop 
viricidal topical formulations for administration 
to one or more mucosal surfaces.

BASF developed a hand wash based on 
polyvinylpyrrolidone (PVP)-iodine, the active 
ingredient considered the gold standard in 
the medical community for sanitizing prior to 
surgical procedures. PVP-Iodine presented 
as a mouth gargle and topical spray may be 

potential candidates to combat viruses as well, 
and clinical data significant enough to validate 
its performance against SARS-CoV-2 are being 
developed, according to Benjamin Goodyear, 
global technical marketing manager for BASF’s 
Pharma Solutions group.

Tergus Pharma entered an agreement with 
Phenom Pharmaceuticals to develop a unique 
delivery solution for intranasal administration of 
a unique API with the potential to prevent viral 
infection. “In this partnership, we are leveraging 
our technology in topical pharmaceutical R&D 
and manufacturing,” says Vijendra Nalamothu, 
chairman and CEO of Tergus Pharma.

Fighting COVID-19 with topical formulations
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“Patients will be more likely to repurchase 
certain products that provide a better 
sensorial experience, especially when it 
comes to more aesthetically pleasing for-
mulations,” he says.

Often in-vitro or ex-vivo models com-
prising fresh tissue such as eyes, skin, or 
cultured human epithelium have been 
shown to de-risk the development of the 
drug product for the patient, according 
to Evans. In combination with additional 
evidence, in-vitro permeation testing may 
be used to demonstrate bioequivalence 
of generic topical drug products by com-
paring the rate and the extent to which 
an active ingredient gets to the relevant 
site(s) of action, says Goodyear. “While 
clinical end-point studies can be utilized 
to evaluate bioequivalence, they are costly 
and the least sensitive method,” he adds.

In more recent FDA-funded investiga-
tions, Goodyear notes that in-vivo cuta-
neous pharmacokinetics have been mon-
itored in humans via dermal open-flow 
microperfusion and in preclinical stud-
ies with dermal microdialysis. “These 
methods have the potential to monitor 
the APIs accurately, sensitively, and re-
producibly from topically applied drug 
products and ultimately can help reduce 
cost to the patient and increase the speed 
with which patients have these tests avail-
able,” he observes.

Robust implementation of quali-
ty-by-design (QbD) and design-of-exper-
iment (DoE) methodologies also serves 
as an effective strategy for de-risking 
formulation processing and development, 
according to Goodyear. Consideration 
of the scalability of the manufacturing 
process is crucial to success as well, Nal-
amothu asserts. “Formulators must con-
sider the critical process parameters and 
develop robust critical quality attributes 
to make sure that the product developed 
in the lab has the same physicochemical 
properties as that of the product obtained 
from large-scale batches made in the 
manufacturing suite,” he says.

Best strategies leverage 
multi-faceted approaches
With so many factors to consider when 
developing a topical formulation, the key 
to overcoming them is a multifactorial 

approach. “By integrating preformula-
tion and formulation development closely 
with drug product design, key final prod-
uct characteristics can be incorporated 
from a very early stage in the develop-
ment,” Evans asserts. Understanding 
elements such as route of delivery, site of 
action, potency, patient preferences, and 
even the target shelf life of a drug prod-
uct ensures that development projects are 
cost and time-effective, he adds.

For Newsam, the preferred approach 
to topical drug development com-
bines the use of various computational 
techniques to inform the formulation 
research program, utilization of high 
throughput experimentation (HTE) 
tools in formulation innovation and DoE 
methods in formulation optimization. 

“Formulation innovation is more effi-
cient if the focus is first on the property 
that is most taxing to match, which com-
monly is realizing the required level of 
skin delivery and permeation. As most 
molecules have low intrinsic skin perme-
ability, we work to identify those partic-
ular combinations of excipients that are 
effective in permeabilizing the skin bar-
rier, preferably in a manner that is more 
or less selective for the particular API,” 
Newsam explains.

While software tools can help, there 
are no robust and broad means of pre-
dicting the effects of such excipient 
combinations; they must be measured. 
Because the space of excipient combi-
nations is vast, HTE technologies have 
proven to be valuable in this endeavor. 

Tioga Research’s approach begins 
with analyzing the physicochemical 

characteristics of the API followed by 
mining databases of formulation per-
formance that the company has accu-
mulated over the past 19 years. For-
mulation composition spaces that have 
worked well for other molecules not dis-
similar to the given API are identified 
as an initial platform for formulation 
fine-tuning. “This tailored formula-
tion approach is quite suitable for new 
chemical entities where patentability is 
less critical,” Newsam says.

Tioga has also developed a comple-
mentary approach referred to as Cas-
caded Screening methodology, which 
leverages the company’s HTE platforms. 
With this methodology, the skin per-
meation of an API from each of large 
numbers of different formulations is 
screened systematically, with the details 
informed by the molecular characteris-
tics of the API. This approach, accord-
ing to Newsam, has a remarkable success 
rate in yielding high-performing formu-
lations that also prove patentable as novel 
compositions of matter.

When seeking to develop a “superge-
neric”—or bioequivalent generic topical 
formulation with more attractive prop-
erties from a patient perspective—the 
formulator must first extract the quality 
target product profile (QTPP) from the 
patient and dermatologist viewpoints. 

“Defining the most important attributes 
about a topical treatment may shed some 
additional light on how product devel-
opers are able to enhance patient treat-
ment outcomes in clinical settings,” he 
explains. The bottom line, Goodyear 
stresses, is that most patients would 

The Coalition for Epidemic Preparedness Innova-
tions (CEPI) announced a $3.5 billion global effort 
to reduce or eliminate the risk of future pandemics 
and epidemics, calling on governments and health 
authorities to invest in research and development 
of new vaccines over the next five years. Germany, 
Norway, Ethiopia, Wellcome, the Bill and Melinda 
Gates Foundation, the World Economic Forum, 
World Health Organization, Gavi, UNICEF, and indus-
try partners were identified as initial supporters in a 
CEPI press announcement (1).

The organization plans to allocate $1 billion of the 
$3.5 billion plan in 2021 to provide equitable access 
to vaccines and control the spread of variants. CEPI 
also announced plans to invite proposals for $200 
million in funding for an all-in-one vaccine that 
could protect against a range of coronaviruses.

Reference
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rather use a soothing foam or cream formulation over a greasy 
ointment if given a choice. 

Repositioning opportunities tempered by challenges
There is broad interest in drug repositioning or reformulation 
for a 505(b)(2) regulatory path, as it is considerably faster and 
less expensive than the 505(b)(1) for a new chemical entity. By 
reformulating a drug for the same or different indication, com-
panies are offered a much quicker route to approval and these 
products do not require the same level of toxicological and clin-
ical testing as new chemical entities. Safety and efficacy data 
from the literature or from studies by another organization can 
be used in support of the 505(b)(2) NDA. The risk of an un-
expected safety issue arising is also substantially reduced, and 
this faster approach is approved and supported by regulatory 
agencies globally.

Reformulation as a topical product is often pursued if the ex-
isting molecule/dosage form is unable to meet patient needs due 
to less-than-optimized delivery kinetics and/or dosage strength, 
according to Nalamothu. Repurposing of an existing drug for 
a new indication is another reason for reformulating a drug 
substance as a topical product. 

Developing a topical formulation with an existing API can 
be challenging, though. Staying within the pharmacokinetic 
profile of the old dosage form and any efficacy/safety constraints 
is a primary one, Nalamothu says. “In other words, the new 
dosage form has to meet the TPP of the unmet (clinical/com-
mercial) need while providing or exceeding the efficacy and 
safety of the originator drug,” he explains. Tergus uses various 
tools such as in-vitro skin permeation and other in-vitro skin 
biology tests to conduct proof-of-concept studies and a QbD 
approach when developing these new formulations.

Another challenge relates to the patentability of these new 
topical formulations. There is, according to Newsam, there-
fore a huge value in establishing a robust basis for formulation 
composition of matter patentability. It is difficult, though, to 
realize this type of patentability value using conventional de-
velopment techniques, he says. Tioga Research has found that 
using its proprietary HTE technologies and Cascaded Screening 
procedure typically yields formulation innovation and support 
for patentability. 

“Historically, formulation composition-of-matter patents 
were not considered valuable because they could potentially be 
circumventable by minor changes in composition,” Newsam 
observes. “We have shown through the development of prod-
ucts such as PENNSAID 2% (US Patent 9,066,913), which was 
approved via a 505(b)(2) route, that it is possible to establish ro-
bust patent protection using this fresh approach to formulation 
innovation,” he asserts.

Balance of art and science
Formulators of topical drugs are faced with a number of tech-
nology, regulatory, and drug-compatibility limitations. Over-
coming them requires access to a dynamic “ingredient tool box” 
and the knowledge and know-how to use these tools effectively, 

according to Goodyear. “Developing topical semi-solid formu-
lations intended to elicit a pharmacological effect is a delicate 
balance between art and pharmaceutical science,” he states.

Both entry-level and experienced staff may gain additional 
knowledge by getting involved with other experts working in 
the topical pharmaceutical industry through participation in 
workshops and professional communities such as the American 
Association of Pharmaceutical Scientists Topical and Transder-
mal Community, Goodyear notes. 

Considering product availability and patient access to be part 
of the treatment selection process during early development of 
new topical formulations may also yield more positive clinical 
outcomes and change the way we see skin treatments and clin-
ical acceptance, Goodyear adds. He also notes that establishing 
best practices in-house that are aligned to FDA requirements 
will help reduce time to market while further enabling the de-
velopment of formulations that patients will truly appreciate.

Newsam concludes by observing that the skin is an amazing 
barrier. “The outermost layer of the skin (the stratum corneum), 
which provides most of this barrier function, is some 15 microns 
thin. It is in a sense an extremely fragile medium for keeping 
potentially harmful agents outside the body and our molecular 
constituents maintained within.” He also comments that there 
is still much to learn about the skin and how it functions. “As we 
gain a greater understanding of this crucial organ, it is exciting 
to think about the broader spectrum of formulations that might 
be suitable for topical administration,” Newsam considers. PT
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capacity will be significantly higher than 
if single-dose packaging is used. 

Multi-dose vials are the fastest route 
to deliver the billions of vaccinations 
needed in a short period of time to com-
bat the pandemic. For non-pandemic 
applications, however, vaccine delivery 
typically transitions into another format 
for commercialization, most likely a pre-
filled syringe, as development moves into 
Phase II or Phase III clinical trials. 

The shift to a prefilled syringe also is 
a lifecycle management tactic once a vial- 
packaged vaccine is established in the 
marketplace. The transition, however, re-
quires analysis of the formulation, prod-
uct stability, and consideration of how the 
vaccine will be administered to patients.

Converting from vial to syringe
In general terms, glass vials are the pre-
ferred option for primary packaging 
when speed to market is the key driver 
in drug product development. A pre-
filled syringe is preferred if ease of use 
or patient experience are more import-
ant than speed or if minimizing product 
waste is important. 

If a vaccine formulation is stable in 
liquid form, there are few challenges to 
change from a vial to a syringe format. 
If there are stability issues, reformula-
tion will be required; this decision will 
be influenced by the nature of the vac-
cine, preferred shipping methods, and the 
container options. 

Human factors should be addressed 
when considering a packaging format 
change. During the COVID-19 pan-
demic, some patients avoided visits to 
healthcare providers, leading to more re-
mote medical consultations. For patients 
requiring routine injections, the use of 
self-administered prefilled syringes may 
become a trend necessitating new safety 
systems or autoinjectors.

Currently any cryogenic product must 
be packaged in a vial. Internal research 
is underway at the author’s company to 
analyze how syringes are affected by a 
freeze-thaw cycle. If data show that effi-
ciency and mechanical performance are 
not compromised, vaccines that need to 
be stored at frozen or cryogenic tempera-
tures could be frozen as single doses in 

T   he speed of development of 
COVID-19 vaccines in response 
to the global pandemic has been 

extraordinary; the progress made by 
the pharmaceutical industry to create 
effective vaccines has been supported 
by fill/finish operations and packaging 
manufacturers to ensure the delivery and 
safe transportation of the vaccines.

With expected high demand for 
COVID-19 vaccines for the next few 
years, the pharmaceutical industry 
should assess the optimal vaccine deliv-
ery solutions as vaccine rollout continues 
and evolves.

New vaccines are initially packaged 
in vials—which are easier to handle in 
a laboratory environment than prefilled 
syringes or blow-fill-seal containers—
and are simple and cheap. Commercial 

launch can be expedited by releasing a 
new vaccine in the same vial container 
used in early development, shelf life, sta-
bility, and extractables and leachables 
studies, eliminating the need to repeat 
tests for a different container, and saving 
time and expense needed to investigate 
alternative primary packaging options.

Vials are versatile; in addition to liq-
uids, they can be used to package lyo-
philized and cryogenic products, as well 
as those in powder form. Vials can also 
be used to package multiple doses in a 
single container, an important consider-
ation when global fill/finish capacity is 
in short supply, as was the case in 2020 
when the COVID-19 pandemic struck. 
By using larger vials that can hold five 
or six doses—as was the case for the 
Pfizer-BioNTech and Moderna vaccines 
approved under FDA Emergency Use 
Authorization—the number of doses 
that can be filled using available filling 

Although vials and prefilled syringes  
have different advantages,  
both find use in vaccine fill/finish. 

Early-Stage Considerations 
for the Manufacture  
and Delivery of Vaccines
Daniel Martinez

Daniel Martinez is syringe product 
manager, Stevanato Group.
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syringes. Prefilled syringes could facili-
tate administration to patients outside a 
mass vaccination center setting. 

All vials, including multidose vials, 
are intentionally overfilled to guarantee 
that the healthcare worker will be able 
to retrieve the correct number of doses 
from a vial. The overfill can result in 
unused vaccine that is not administered 
to patients. For example, FDA granted 
Pfizer-BioNTech permission to extract 
six doses of its COVID-19 vaccine from 
vials originally approved for five doses 
due to excess overfill (1). 

Prefilled syringes, which contain the 
exact dose, reduce waste of the drug 
product and are suitable for routine 
vaccinations such as influenza. While 
research is still in the early stages, it is 
expected that SARS-CoV-2 infections are 
likely to continue and the new COVID-19 
vaccines may migrate to a single-dose 
prefilled syringe to reduce waste and 
avoid expiration of unused doses.

Several factors must be considered 
when converting from a vial delivery 
method to a prefilled syringe. If the 
product is not in liquid form, reformu-
lation will be required. Product stability 
in the syringe must be established before 
pre-marketing studies commence. 

A logistical hurdle when migrating 
from a vial-filled product into a pre-
filled syringe is identifying the capacity 
needed for the fill/finish operations. For 
innovator drug companies, fill/finish 
can be done in-house or by a contract 
manufacturing organization with the 
equipment and experience required to 
process the preferred container and the 
capability to handle that type of prod-
uct. In-house manufacture may require 
investment in new capacity for a dedi-
cated line for mass production of a sin-
gle product or a f lexible filling opera-
tion that can handle multiple products 
and different size vials. Flexible capacity 
has been crucial in the current efforts to 
fill COVID-19 vaccines. 

Different drug containment  
solutions for vaccines
The popularity of different container 
types varies regionally and typically is 
influenced by the cost of shipping and 

warehousing. In North America and 
Europe, small formats such as 2R and 
6R vials predominate, while in Latin 
America and Asia, larger multidose 
vials are more common. For COVID-
19 vaccines, however, larger vials are 
being used globally because of the 
billions of doses required to achieve 
widespread vaccinations. In addition, 
vials are easier to transport because 
they pack more closely than syringes 
within blisters.

The most common size prefilled 
syringe is 1 mL with either a staked 
5/8-in needle for intramuscular injec-
tion or a luer-lock adapter to allow a 
healthcare professional to select the ap-
propriate needle. Currently, the market 
demands see an approximately 2:1 split 
between adapter and staked needle, ac-
cording to market research by the au-
thor’s company. While the vast major-
ity of staked needles are 25 gauge and 
3 bevel, there is a trend towards using 
a 5-bevel needle to reduce the patient’s 
pain perception. 

For other vaccines, approximately 
40% of the vaccine containers used 
today are syringes, with a high growth 
both in volumes and value. For these 
syringes, a compound annual growth 
rate of 8% in volume and 5% in value is 
anticipated from 2020 to 2024 (2). 

COVID-19 has changed the vac-
cine development landscape dramat-
ically; more than 230 COVID-19 vac-
cines are in development; however, 
only three vaccines plan to launch 
in syringe format (3). 

To date, syringe-filling capacity has 
not been impacted by high demand 
as much as vial-filling demand. By 
reprioritizing production space can be 
created to manufacture billions of vac-
cines to meet global needs. However, 
the author estimates that overall fill/
finish capacity for vials and syringes 
is not sufficient.

Both formats have their advantages 
and should be considered as potential 
options at the start of development pro-
grams. The COVID-19 pandemic has 
posed significant challenges to the vac-
cine fill/finish industry, and glass con-
tainers are playing a crucial role in get-
ting vaccines to the general population. 
Depending on the future global needs 
for vaccinations, prefilled syringes may 
gain a significant market share.
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Baxter BioPharma Solutions announced on March 8, 
2021 that the company will provide fill/finish sterile 
manufacturing services and supply packaging for 
60–90 million doses of the Moderna COVID-19 vac-
cine in 2021 from its Bloomington, Ind., facility.  

“We have seen a remarkable demonstration of 
scientific and health care expertise in the effort to 
develop vaccines for COVID-19,” said Marie Keeley, 
vice-president, Baxter BioPharma Solutions, in a 
press release (1). “Baxter is honored to provide 
our deep expertise in vaccine manufacturing to 
help partners like Moderna bolster the supply of 
their vaccine.”

Catalent announced on March 17, 2021 that 
it will increase manufacturing capacity at its 
Anagni, Italy, site to accommodate the large-
scale commercial supply of Janssen’s COVID-19 
vaccine, including vial-filling, inspection, labeling, 

and packaging services. The company will 
fast-track the qualification and scale-up of an 
additional high-speed vial-filling line that is set 
to be operational in the fourth quarter of 2021 to 
support vaccine production through late 2022 (2).

“We are pleased to expand our partnership 
with Janssen to support demand of its COVID-19 
vaccine in Europe,” said Mario Gargiulo, president, 
Catalent Biologics, Europe, in a press release. 
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—The editors of Pharmaceutical Technology

CMOs boost vaccine fill/finish output
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(e.g., gaseous, aerosolized, or vapor-
ized form) to ensure thorough micro-
bial decontamination of its interior. 
Decontamination methods (cleaning 
and sporicidal disinfection) should 
render the interior surfaces and crit-
ical zone of the isolator free of viable 
microorganisms. (1)

This section has two messages in 
terms of isolators: decontamination 
methods should be validated and con-
trolled within defined cycle parameters 
and the process should be automated 
and should use a sporicidal agent. 

In most isolators, surface decontam-
ination is carried out with vaporized or 
sprayed hydrogen peroxide (H2O2) as 
the sporicidal agent. Direct spraying of 
micro-nebulized H2O2 into the isolator 
system produces a quick distribution 
with a smaller amount compared to 
vaporizing H2O2.   

The decontamination cycle, using 
the selected agent, must be validated in 
accordance with GMP to generate a reli-
ably aseptic atmosphere inside the isola-
tor. The phrase “controlled with defined 
cycle parameters” does not mean solely 
the amount and time of the H2O2 in the 
isolator system; the following questions 
should be considered:
• How homogeneous and quick is 

the distribution of the sprayed or 
evaporated H2O2, including at dif-
ficult-to-reach positions (worst case 
observation)?

• If an uneven enrichment of the 
sprayed or evaporated H2O2 takes 
place, what consequences does this 
have for the decontamination cycle 
to be validated? Are surfaces exposed 
for a shorter or longer duration with a 
lesser or greater amount of H2O2, and 
what influence does this have?

• How is the concentration distribution 
of the H2O2 in the overall isolator sys-
tem? Is a uniform H2O2 film created 
on all surfaces without undesirable 
droplets forming on surfaces? 

• What materials are used in the isolator 
system and what is their influence on 
the surface decontamination? Stain-
less steel has a different decontami-
nation factor (D-value) than glass or 
polymers, for example. These param-

A  revised draft of the European Union 
(EU) good manufacturing practice 
(GMP) Annex 1 was published in 

February 2020 (1), and a final version is 
expected in 2021. The GMP guidance in-
cludes several key points related to isolator 
design and operation, which are illustrated 
in Figure 1. As the author discussed in the 
first part of this article series, the design 
of an isolator is the basis for compliance 
with GMP in aseptic processing and in 
cleanability (2). Isolator design also affects 
surface decontamination.

Surface decontamination 
Hygienic design and cleaning to remove 
particulate and microbiological con-

tamination are important attributes for 
surface decontamination of the inner 
surfaces of isolators and of their installa-
tions (e.g., a vial or syringe filling line, an 
incubator, or other utilities for manufac-
turing cell and gene therapies). Consider 
section 4.24 of the new EU Draft GMP 
Annex 1, which says (1): 

For RABS [restricted access 
barrier systems] and isolator 
systems, decontamination meth-
ods should be validated and 
controlled within defined cycle 
parameters. The cleaning process 
prior to the disinfection step is es-
sential; any residues that remain 
may inhibit the effectiveness of 
the decontamination process:

i. For isolators, the decon-
tamination process should be 
automated and should include a 
sporicidal agent in a suitable form 

Decontamination, automation, and 
containment are important considerations 
for aseptic manufacturing in isolators. 

Understanding  
the Impact of Annex 1 
on Isolator Operation
Richard Denk

Richard Denk is senior consultant for 
Aseptic Processing and Containment at 
SKAN in Switzerland and is a member of 
the ISPE Commenting Team of the new 
draft of EU GMP Annex 1.
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eters need to be taken into account as 
well in the cycle to be validated.

• Are moveable parts located in the iso-
lator system? How are transfers into 
and out of the isolator accomplished 
and what influence do these transfers 
have on the decontamination cycle?

• Are surfaces exposed during the pro-
duction process and during work in 
the isolator system that are not suffi-
ciently exposed during the decontam-
ination cycle?

The phrase “defined cycle parameter” 
also contains quality-by-design (QbD) 
attributes in regards to the variable pa-
rameters in the isolator system. Con-
sider questions such as the following 
when developing a validated decontam-
ination cycle:
• In which defined acceptance criteria 

(e.g., temperature range, relative hu-
midity range, quantitiy and concen-
tration of H2O2, air velocity and speed 
range if used) does the decontamina-
tion cycle function? 

• Additionally what influence do the 
criteria have on the decontamination 
cycle? For example, what is the effect 
if the temperature is 15 °C instead of 
20 °C or if the relative humidity is 
30% instead of 40%? 

Automation 
Automation, including robotics, can 
make manufacturing of sterile products 
more efficient, quicker, and safer. Ro-
botic systems are mentioned specifically 
in section 2.1 of the new EU Draft GMP 
Annex 1, which says (1): 

The manufacture of sterile prod-
ucts is subject to special require-
ments in order to minimize risk of 
microbial, particulate and pyrogen 
contamination. The following key 
areas should be considered:

i. Facility, equipment and pro-
cess design should be optimized, 
qualified, and validated according 
to the relevant sections of the Good 
Manufacturing Practices (GMP) 
guide. The use of appropriate tech-
nologies (e.g., Restricted Access 
Barriers Systems (RABS), isolators, 
robotic systems, rapid microbial 
testing and monitoring systems) 

should be considered to increase 
the protection of the product from 
potential extraneous sources of par-
ticulate and microbial contamina-
tion such as personnel, materials 
and the surrounding environment, 
and assist in the rapid detection of 
potential contaminants in the envi-
ronment and product. (1)

Robotic work processes are widely 
used in pharmaceutical packaging, and 
their use has been expanding; they are 
now employed for handling sterile prod-
ucts, free of any manual interventions. 
The International Society for Pharma-
ceutical Engineering (ISPE) DACH 
[Germany/Austria/Switzerland] Future 
Robotics special interest group (SIG) was 
founded by the author in 2019. The SIG 
concerns itself with possible new work 
processes for robotic systems, the facility 

of the future using robotics, and the reg-
ulatory requirements from the EU GMP 
Annex 1 Draft for using robotics. 

For example, a new work process for 
robotic systems is to place molded parts 
in transport containers and transport 
them to the washing machine and, after 
washing, back to the isolator. This pro-
cess needs to take into account transfers 
between individual cleanroom grades. 

Another work process is aseptic fill-
ing and automated handling of sterile 
finished products by means of robotic 
systems in isolators, as well as imple-
menting their technical and regulatory 
compliance with current good manufac-
turing practice (CGMP). It is necessary, 
for example, to adapt viable monitoring 
to fully automated robotic solutions 
in aseptic manufacture. In the Draft 
Annex 1, the application of rapid micro-
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Figure 1. Contamination control for sterile operation in isolators. 
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In Part 1 of this article series, “Understanding the 
Impact of Annex 1 on Isolator Design” (1), Richard 
Denk discusses what the European Union’s draft 
Annex 1 says about barrier systems, including 
restricted access barrier systems (RABS) and iso-
lators. He details the importance of aseptic engi-
neering design and describes how isolator design 
affects cleaning and decontamination.

Denk further explains containment principles 
in “Understanding Containment” (2). He 
discusses how acceptable daily exposure (ADE) 

and permitted daily exposure (PDE) relate to 
occupational exposure limit (OEL), as illustrated 
in the containment classification pyramid. 

In an interview with Pharmaceutical 
Technology, Denk describes additional best 
practices for using isolator technology (3).
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—Jennifer Markarian

More on isolator design and operation
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bial monitoring is mentioned, but the 
technical and organizational measures 
needed to replace the current moni-
toring methods using settle plates with 
rapid microbial testing methods need to 
be redefined. This topic will be addresed 
by the ISPE Future Robotics SIG in 2021.

Containment requirements
The production of highly active and haz-
ardous substances in the biopharmaceu-
tical industry has increased rapidly in 
recent years, requiring consideration of 
environment, health, and safety protec-
tion. Viral vectors, for example, require 
high protection for the employee as well 
as prevention of cross-contamination 
with other substances. 

Consider section 4.14 of the new EU 
Draft GMP Annex 1, which says, regard-
ing the topic of containment of highly 
active and dangerous substances (1):

… Particular attention should be 
paid to the protection of the critical 
zone. The recommendations re-
garding air supplies and pressures 
may need to be modified where it is 

necessary to contain certain mate-
rials (e.g., pathogenic, highly toxic or 
radioactive products or live viral or 
bacterial materials)…(1)

In addition to the pressure concept, the 
following aspects need to be taken into 
consideration for fill/finish of parenteral 
pharmaceuticals in an isolator system:
• Is there an Accepted Daily Exposure 

(ADE) or Permitted Daily Exposure 
(PDE) that sets a limit value for ex-
posure, such as that found in the Eu-
ropean Medicines Agency’s guideline 
on setting health based exposure lim-
its (3)? This limit value is important 
for calculating cleaning limit values 
as well as for determining how to pro-
tect employees during manufacturing. 

• Which biological safety level (BSL) is 
required, and which technical and or-
ganizational measures are necessary 
to achieve this BSL?

• Is this a monoproduction or a 
mult i-purpose system? On a 
multi-purpose system, the necessary 
cross-contamination requirements 
have to be observed. For products 

with an ADE/PDE, these require-
ments are determined by toxicologists. 
For viral vectors, there currently are 
no defined limit values, so a no-tol-
erance level from the previous to the 
subsequent product is assumed.

• A quality risk management (QRM) 
process is needed that covers the 
requirements of GMP for product 
protection as well as protection of 
employees and the environment. A 
contamination control strategy CCS 
is derived from the QRM. Further-
more, prevention of cross-contam-
ination and containment strategies 
must be developed.
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I 
dentifying out-of-trend (OOT) and out-of-specification 
(OOS) results is a critical part of stability data evaluation. 
An OOT observation is a measurement of a lot under in-
vestigation that deviates from or is atypical of the expected 

trend of representative historical lots, while an OOS result falls 
outside of specification. A confirmed OOT may not yet be an 
OOS, but it is often a warning that underlying issues may be at 
play. In the past, researchers studying this topic used the terms 

“analytical alert” for OOT readings that result from an invalid 
analytical measurement and “process control alert” for an OOT 
degradation rate (slope) that resulted from some production-re-
lated event (1,2). A “compliance alert” occurs when an individ-
ual product lot’s degradation rate is steeper and projected to fall 
short of potency and/or impurity specification limits through 
the product’s shelf-life.

Instituting corrective and preventive action (CAPA) to min-
imize the impact of a confirmed OOT is a more proactive con-
trol strategy than simply waiting for OOS conditions  to occur. 
For an analytical alert, re-testing can be done while unexpired 
sample and reagents are still available to replace those that were 
affected by the OOT result. This practice prevents an invalid 
test from becoming part of historical lot data, which will affect 
future trending and setting specification limits of new drugs 
based on stability data. For a process control alert that is also a 
compliance alert, the expiry of an investigated lot may be short-
ened based on statistical projection to avoid OOS if the lot is 
allowed on the market at its original shelf-life.

To identify the OOT early, trending should ideally be per-
formed by quality control (QC) laboratory personnel who gener-
ate the measurements as close to real-time as possible. The OOT 
identification tools should be simple and practical so that they 
can be used by QC staffers who lack in-depth statistical training 
or access to a statistician. Simpler methods are crucial because 
the workload required for trending can be substantial, with mul-
tiple attributes to trend across several products. Moreover, the 
analyses must be repeatedly performed as new measurements 
are generated and added to the stability database.

There is no regulatory guidance spelling out which statistical 
techniques to use for OOT identification. Previously published 
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Comparing Methods for 
Determining Out-of-Trend 
Stability Test Results
Richard Montes

Trending stability data to identify out-of-trend 
(OOT) results is a critical part of avoiding out-of-
specification (OOS) events for drug substances 
and products. Analytical OOT is usually caused by 
an invalid analytical measurement, while process 
control OOT is typically due to some production-
related event. To date, there is still no regulatory 
guidance on which statistical techniques are best 
to use for identifying OOT conditions. Methods 
such as regression control chart (RegCC), by time 
tolerance interval (ByTimeTI), slope-by-lot Control 
Chart (SlopeCC), prediction interval (PI), and 
Z-score have been described in the literature.   

However, there had been no systematic evaluation 
of the effectiveness of each of these methods. 
The author has used simulation to compare these  
methods under varying scenarios of sample size, 
relative lot-to-lot and within-lot variation, and 
extent of analytical or process control OOT. Results 
verified that PI, Z-score, and RegCC were related 
methods with some slight variation in how each 
one worked. ByTimeTI was the least effective 
in detecting either types of OOT. SlopeCC was 
effective in detecting process control OOT, but, 
overall, RegCC performed the best at detecting 
both analytical and process control OOT, although 
its false alarm rates (Type I error) slightly exceeded 
5%. In addition, the method is relatively simple to 
use, and can be implemented by quality control 
staffers who have not had in-depth statistical 
training, or who cannot confer with a statistician.  
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research described three approaches to identify analytical OOT 
and process control OOT (3). The RegCC method is applicable 
for both types of OOT, while ByTimeTI and Slope CC methods 
are applicable for process control OOT. Research that studied 
the use of all three methods for an actual product advocated 
their simultaneous use in order to get a visual image of the 
results (4). In the end, however, it recommended the Z-score 
method. Other research evaluated those three methods as well 
as the Z-score method (5). One study used  historical estimates 
of intermediate precision for the RegCC method (2), and ac-
counted for statistical significance in the slope method and also 
included prediction interval (2). Yet another study used a mixed 
effects model in a unified approach that incorporated both inter- 
and intra-lot variation to improve results (6).

All of this research has provided QC trending specialists 
with more information on statistical methods, their benefits 
and limits. The research described in this article was launched 
to provide a systematic and comparative evaluation of the ef-
fectiveness of statistical methods. The methods were compared 
by simulating various sample sizes, different levels of variation 
within and between lots, and varying extents of analytical and 
process control OOT. This article will describe details of the 
simulation study and results of the methods comparison.

Materials and methods
Statistical model for trended population. The population consid-
ered were product lots, the attributes of which were assumed 
to vary linearly over time, and can be described using a ran-
dom intercept, common slope model (Equation 1; refer to Ap-
pendix  for complete definition of symbols):
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assumed to have results up to 18 months (i.e., half of a 36-month expiry) and half to 

have results up to 9 months.   

The ICC, which represents the correlation among measurements in the same lot 

is defined in Equation 2, wherein  and  were used without 

affecting generality.  

      [Eq. 2] 

The ICC levels used in the study were 0.2 and 0.8. A data set with ICC=0.2 

indicated that the between-lot (process) variability was small relative to within-lot 

(analytical) variability and vice-versa for ICC=0.8. 

Subject lot simulation 

The subject lot was simulated in two ways. If an analytical OOT was being identified, the 

subject lot was first drawn from the same population as historical lots. The initially 

drawn, in-trend subject lot results were then induced to be analytically OOT by 

subtracting . Note that if an attribute wherein  (e.g., impurities) was being 

simulated,  was added instead. Only the latest subject lot result was induced 

to be analytically OOT while all the previous subject lot data were in-trend.   

When the next result was generated, the previous analytical OOT would have 

been re-tested and replaced with an in-trend result. If a process control OOT was being 

identified, the subject lot was simulated using a slope that is % steeper than the 

true population slope . The three levels of  (0, 2, 4) and  (0, 25, 50) 

listed in Table I represent no, moderate, and large extent of analytical and process 

control OOT, respectively. 

 

specification limit is a fixed value that drug product has to conform to throughout its 

shelf-life. The ratio of the hypothetical LSL and the lower OOT trending limit at time j, 

averaged over 1000 iterations, was used as a secondary metric for the simulation study. 

This secondary metric helps in interpreting the results of the primary metric. For 

example, a low detection rate may be due to extremely wide trending limits that even 

exceed the specification (i.e., LSL/OOT limit >1). This ratio metric is only applicable to 

RegCC, ByTimeTI, ByTimeCC, and PI methods, whose limits are measures of 

individual results from the population, which are compatible to the concept of 

specification limit.  

                  [Eq. 3] 

Results 

The probability of identifying as OOT the latest subject lot result (Y axis) becoming 

available from 3 to 36 months (X axis) were graphically summarized. Figures 2 and 3 

compare the seven methods when subject lot was induced, at increasing extent from 

the top to the bottom row, with analytical or process control OOT, respectively. The four 

combinations of the sample sizes (small, large) and ICC levels (0.2, 0.8) were used to 

stratify results. 
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The ICC levels used in the study were 0.2 and 0.8. A data 
set with ICC=0.2 indicated that the between-lot (process) 
variability was small relative to within-lot (analytical) vari-
ability and vice-versa for ICC=0.8.

Subject lot simulation. The subject lot was simulated in two 
ways. If an analytical OOT was being identified, the subject 
lot was first drawn from the same population as historical 
lots. The initially drawn, in-trend subject lot results were 
then induced to be analytically OOT by subtracting kOOT*Eij. 
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Table I. Levels for simulation parameters. OOT is out of 
trend.

Simulation parameter Levels studied

Historical lots sample size a Small: [3(18), 3(9)]
Large: [15(18), 15(9)]

Intraclass correlation 
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0.2, 0.8

Extent of analytical OOT for 
subject lot (kOOT*Eij subtracted 
from in-trend result)

kOOT=0,2,4 for no, moderate, 
and large analy tical OOT,  
respectively.

Extent of process control OOT 
for Subject subject lot (slope is 
βOOT% steeper than β=-0.15)

βOOT=0%,25%,50% for no, 
moderate, and large process 
control OOT, respectively.

a – Historical sample size notation is [# of lots (maximum age of lots in 
Months)]. For example, the small sample notated as [3(18),3(9)] consists 
of three stability lots at 0,3,6,9,12,18 months and three stability lots at 
0,3,6,9 months.
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Note that if an attribute wherein β>0 (e.g., impurities) was 
being simulated, kOOT*Eij was added instead. Only the latest 
subject lot result was induced to be analytically OOT while 
all the previous subject lot data were in-trend.  

When  the next result was generated, the previous analyt-
ical OOT would have been re-tested and replaced with an 
in-trend result. If a process control OOT was being identi-
fied, the subject lot was simulated using a slope that is βOOT% 
steeper than the true population slope β=-0.15. The three 
levels of kOOT (0, 2, 4) and βOOT% (0, 25, 50) listed in Table I 
represent no, moderate, and large extent of analytical and 
process control OOT, respectively.

An example of simulated data. An example of a simulated 
data set [small sample, ICC=0.2, subject lot either with 
kOOT=4 or βOOT=50%] displaying the results for the full sta-
bility testing schedule is shown in Figure 1. The available 
historical lots (A1 to B3) and the subject lot (C) initially 
drawn to be in-trend at the onset of trending are the filled 
circles while the ones that have yet to be generated through 
the remainder of the stability study are the blank circles. 
The induced analytical OOT at each time j of subject lot 
are the blue X’s while the induced process control OOT 
are the red Y’s.At the onset of trending, the subject lot C 
had a result at 0 month (i.e., release data) while the A and 

B historical lots had results up to 18 and 9 months, respec-
tively. The stability data set was dynamically added  as the 
measurements per the full testing schedule were generated. 
For example, when the three months result was generated 
for the subject lot C, the corresponding 9+3=12 months 
results for the B lots would have also been generated. When 
the six months result for subject lot C was generated, the 
18+6=24 months results for the A lots would have also 
been generated, and so forth. Each subject lot result was 
assessed for OOT as it was generated.

Methods to compare. The methods summarized above were 
systematically compared using simulation. The mixed ef-
fects version (6) was excluded from the comparison because 
of the additional complexity it entails in analyzing random 
effects and the fact that it requires the use of more advanced 
statistical software, which may preclude most trending QC 
personnel from applying this method.  The key steps in ap-
plying the methods, formulas, and which data are used to 
construct the trending limits are summarized in Table II . 
The formulas for trending limits are two-sided, but only 
the lower limits were applied as appropriate for the attribute 
degrading over time examined in this paper.  

The RegCC method uses common slope estimate β̂ and 
root mean square error (RMSE) from fitting a separate-in-

Figure 1. Example data for small sample, Intra-Class Correlation (ICC)=0.2, kOOT = 4 or βOOT = 50%. OOT stands 
for out of trend.

Notes: A1 to B3 = historical lots; C = in-trend subject lot (black circles) 
induced with either analytical OOT (blue X) or process control OOT (red 
Y); filled and empty circles – already generated and yet-to-be generated 
stability results, respectively, at onset of OOT trending.
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tercepts, common slope (SICS) analysis of covariance (AN-
COVA) model to the historical data. The random effect 
model (Equation 1) simplifies to a SICS model when lot is 
treated as a fixed effect. The RegCC trending limit at each 
time j is calculated by adding to the subject lot intercept 
YC0 the average change up to that timepoint (β̂ × TCj) and 
subtracting the product of standard normal quantile and 
root mean square error, 

 

Table II. Summary of the OOT identification methods. 

Method How it works Formula for limits 
Data used to construct limits 

Historical Subject 
Regression 
Control Chart 
(RegCC) 

 Fit data with SICS ANCOVA 
model.   

 Use common slope estimate 
and RMSE to calculate limit by  
Month.   

 Compare each  against  
limit. 

 

All Lots, all 
Months. 

Only the 
release (Month 
0) data,  

By Time Tolerance 
Interval 
(ByTimeTI) 

 Calculate Mean and SD by 
Month. 

 Calculate TI by  Month. 
 Compare  against  tolerance 

limit. 

 All Lots at 
each Month 

None 

By Time Control 
Chart (ByTimeCC) 

 Calculate Mean and SD by 
Month. 

 Calculate control limit by  
Month.  

 Compare  against  control 
limit. 

 All lots at 
each month 

None 

Slope By Lot 
Tolerance Interval 
(SlopeTI) 

 Fit simple linear regression by 
Lot.   

 Calculate Mean and SD of 
Historical Lot slopes. 

 Calculate TI of Historical Lot 
slopes.   

 Compare Subject Lot slope 
against slope tolerance limit. 

 All Months by 
Lot. 

None 
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The significance level  is fixed at 0.05. The proportion levels  of 0.90, 0.95, and 0.99 are used in simulation but only the  results are presented due to 
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×RMSE.  
As previously described (3), the trending limit for ByTime 
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Table II. Summary of the Out of Trend (OOT) identification methods.

Method How it works Formula for limits
Data used to construct limits
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• Compare each YCj against j limit.
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All Lots, all 
Months.

Only the re-
lease (Month 
0) data, YC0

By Time Tolerance 
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• Calculate Mean and SD by Month.
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• Compare YCj against j tolerance limit.
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All lots at 
each month
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Slope By Lot Tolerance 
Interval (SlopeTI)

• Fit simple linear regression by Lot.  
• Calculate Mean and SD of Historical Lot slopes.
• Calculate TI of Historical Lot slopes.  
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than) the trending limit. For Z-score, the result was flagged 
as OOT if the absolute value of Zj was larger than that of 
the 

 

Table II. Summary of the OOT identification methods. 
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 standard normal quantile. This OOT flagging was 
iterated 1000 times. The proportion of the iterations (i.e., 
probability) flagging the result as analytical or process con-
trol OOT was used as the primary metric in the simulation 
study. A method that has a low false alarm rate (i.e., prob-
ability of flagging a result as OOT when it is truly in-trend 
; also known as Type I error) and high detection rate (i.e., 
probability of flagging a result as OOT when it is truly OOT 
; also known as power) is preferred.

Average ratio of the lower specification limit and lower trending 
limit. Trending limits to identity an OOT serve  as an early 
alert before the underlying issue(s) caused an OOS event. The 
OOT trending limit should not be so restrictive that it incor-
rectly flags an in-trend result as OOT. Neither should the 
limit be so wide that it exceeds the specification and fails its 
purpose as an early alert before an OOS occurs.  

A “hypothetical” lower specification limit (LSL) at each time j 
was calculated using Equation 3 to bound what would be “accept-
able” at that time point. In practice, shelf-life specification limit 
is a fixed value that drug product has to conform to throughout 
its shelf-life. The ratio of the hypothetical LSL and the lower 
OOT trending limit at time j, averaged over 1000 iterations, was 

used as a secondary metric for the simulation study. This sec-
ondary metric helps in interpreting the results of the primary 
metric. For example, a low detection rate may be due to ex-
tremely wide trending limits that even exceed the specification 
(i.e., LSL/OOT limit >1). This ratio metric is only applicable to 
RegCC, ByTimeTI, ByTimeCC, and PI methods, whose limits 
are measures of individual results from the population, which 
are compatible to the concept of specification limit. 

All of this research has provided QC trending specialists with more information 

on statistical methods, their benefits and limits. The research described in this article 

was launched to provide a systematic and comparative evaluation of the effectiveness 

of statistical methods. The methods were compared by simulating various sample sizes,

different levels of variation within and between lots, and varying extents of analytical 

and process control OOT. This article will describe details of the simulation study and

results of the methods comparison. 

MATERIALS AND METHODS 

Statistical model for trended population 

The population considered were product lots, the attributes of which were assumed to 

vary linearly over time, and can be described using a random intercept, common slope 

model (Equation 1; refer to Appendix for complete definition of symbols): 
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assumed to have results up to 18 months (i.e., half of a 36-month expiry) and half to 

have results up to 9 months.   

The ICC, which represents the correlation among measurements in the same lot 

is defined in Equation 2, wherein  and  were used without 

affecting generality.  

      [Eq. 2] 

The ICC levels used in the study were 0.2 and 0.8. A data set with ICC=0.2 

indicated that the between-lot (process) variability was small relative to within-lot 

(analytical) variability and vice-versa for ICC=0.8. 

Subject lot simulation 

The subject lot was simulated in two ways. If an analytical OOT was being identified, the 

subject lot was first drawn from the same population as historical lots. The initially 

drawn, in-trend subject lot results were then induced to be analytically OOT by 

subtracting . Note that if an attribute wherein  (e.g., impurities) was being 

simulated,  was added instead. Only the latest subject lot result was induced 

to be analytically OOT while all the previous subject lot data were in-trend.   

When the next result was generated, the previous analytical OOT would have 

been re-tested and replaced with an in-trend result. If a process control OOT was being 

identified, the subject lot was simulated using a slope that is % steeper than the 

true population slope . The three levels of  (0, 2, 4) and  (0, 25, 50) 

listed in Table I represent no, moderate, and large extent of analytical and process 

control OOT, respectively. 
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Results 

The probability of identifying as OOT the latest subject lot result (Y axis) becoming 

available from 3 to 36 months (X axis) were graphically summarized. Figures 2 and 3 

compare the seven methods when subject lot was induced, at increasing extent from 

the top to the bottom row, with analytical or process control OOT, respectively. The four 

combinations of the sample sizes (small, large) and ICC levels (0.2, 0.8) were used to 

stratify results. 
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Results
The probability of identifying as OOT the latest subject lot 
result (Y axis) becoming available from 3 to 36 months (X 
axis) were graphically summarized. Figures 2 and 3 compare 
the seven methods when subject lot was induced, at increas-
ing extent from the top to the bottom row, with analytical or 
process control OOT, respectively. The four combinations of 
the sample sizes (small, large) and ICC levels (0.2, 0.8) were  
used to stratify results.

Detection rates for analytical OOT. To identify analytical OOT, 
the baseline case when the subject lot was in-trend was first 

Figure 2. Probability of OOT identification for increasing extent of analytical OOT (kOOT).OOT stands for Out of Trend. 
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evaluated (Figure 2, kOOT=0). PI had false alarm rates (or Type 
I error) below 5%. Type I error rates for RegCC were slightly 
inflated averaging around 12%. Z-score started with about 
25% false alarm rates but flattened down to about 14% when 
more data became available. SlopeTI and SlopeCC started 
with elevated false alarm rates of about 30% and 40%, but 
those rates decreased to below 5% and 10%, respectively, 
with more available data.  With moderate analytical OOT 
(kOOT=2), RegCC and Z-score had comparable detection 
rates of about 45%, with PI lagging just slightly below. By-
TimeTI performed worst, with detection rate as low as <5% 
for a small sample and ICC=0.8. ByTimeCC performed 
better than ByTimeTI but not as well as RegCC and Z-score. 
SlopeTI and SlopeCC started with high detection rates of 
65 to 75% but those rates decreased as more data became 
available.  With large analytical OOT (kOOT=4), detection 
rates increased to at least 65% for most of themethods, 
with similar relative performances among the methods 
as kOOT=2. The sample size and/or ICC stratification level 
had only minimal effect on detection rates for RegCC, Slo-
peCC, PI, and Z-score, but had a major effect on ByTimeTI 
and ByTimeCC. Sample size affected SlopeTI results, with 
worse detection rates found for small sample size.  

Detection rates for process control OOT. For identifying pro-
cess control OOT, the baseline case when the subject lot 

was in-trend, process-wise (Figure 3, βOOT=0), was simu-
lated to be equivalent to in-trend, analytical-wise (Figure 
2, kOOT= 0). The false alarm rates of the methods for these 
two in-trend cases were therefore identical. With moder-
ate process control OOT (Figure 3, βOOT= 25%), detection 
rates of SlopeTI and SlopeCC started at about 30–40% but 
deteriorated as more data became available, except when 
the sample size was large and/or ICC=0.8. All the other 
methods started with low detection rates but improved as 
more data became available. 

RegCC and SlopeCC had the best detection rates up to 
about 80% for ICC=0.8 when all data were available. The 
methods performed better when ICC=0.8 than they did when 
ICC=0.2, with little impact from sample size.  ByTimeTI and 
SlopeTI performed worse on small than on large sample sizes. 
With large process control OOT (βOOT=50%), the detection 
rates were increased, reaching as high as 100% for the best 
performing scenarios observed with βOOT=25%. SlopeTI and 
SlopeCC now monotonically improved with more available 
data, except for SlopeTI with small sample size at ICC=0.2, 
which deteriorated first before improving slightly. 

Ratio of LSL and OOT trending limits. The width of the OOT limit 
relative to the hypothetical LSL (Equation 3) was evaluated by 
taking the ratio of the latter to the former. For a decreasing 
attribute, the OOT limit should be narrower (i.e., higher) 

Figure 3. Probability of Out of Trend (OOT) identification for increasing extent of process control OOT (βOOT).
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than the LSL if it is to be useful as an alert before OOS oc-
curs. An LSL-to-OOT limit ratio of less than one is therefore 
desired. The ratios for RegCC, ByTimeTI, ByTimeCC, and PI 
with increasing extent of analytical and process control OOT 
are shown in Figures 4 and 5, respectively. For analytical OOT   
(Figure 4), ratios remained about the same regardless of kOOT 
extent and availability of data. This was because hypothetical 
LSL and OOT limit commensurately adjusted at each time j. 
The only exception was PI, in which case the ratio decreased 
slightly within the first 12 months and then remained flat. 

The ratios were higher (i.e., OOT limits were closer to LSL) 
when ICC=0.2 than when ICC=0.8 except for ByTimeCC, in 
which case the ICC level had no impact. Sample size had no 
impact except for ByTimeTI where ratios at small sample 
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 by using Z 1-P—2 
and 

thus improving upon ByTimeTI detection rates. However, By-
TimeCC still did not perform well at ICC=0.8.

Simulation results confirmed the unsuitability of the Slo-
peCC for analytical OOT as previously described in other re-
search (3). Although the method has high detection rates with 
limited data, it deteriorates as more data become available. This 
is because an analytical OOT result that occurs at later time 
points usually do not substantially affect the slope estimate that 
it exceeds the slope control limits. 

Figure 4. Lower Specification Limit (LSL)-to-Out of Trend (OOT) limits ratio for increasing extent of analytical OOT (kOOT).
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However, SlopeCC is very effective 
in detecting process control OOT, con-
firming results of prior studies (3). Slo-
peCC has high detection rates when 
there is still very limited data available, 
but these results may just be the baseline 
performance of the method. 

The false alarm rates when the sub-
ject lot is in-trend are also high. This is 
expected since, when only very few time 
points are available, the subject lot slope 
estimate and constructed historical lots 
slope control chart limits are unreliable.

PI, Z-score, and RegCC are related 
methods in the sense that all use param-
eter estimates from a SICS ANCOVA 
model to construct their respective OOT 
trending limits. The results of the re-
search described in this article indicate 
that PI, Z-score, and RegCC, ranked in 
increasing effectiveness although the dif-
ferences between them were slight. They 
are versatile enough to detect both ana-
lytical and process control OOT.  

Comparing RegCC versus PI, the 
RegCC limit is a modified form of 
confidence interval of the predicted 
means. It uses the ‘observed’ subject lot 
intercept YC0 and 
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 as a multiplier of RMSE. 
By definition, a prediction interval, 

which is what the PI method generates, 
should be wider than a confidence in-
terval. This explains the slightly higher 
LSL-to-OOT limit ratio (i.e., wider 
limits) found with PI than with RegCC. 
The wider OOT limits for PI are less 
stringent, thus the method’s detection 
rates are lower than those for RegCC.

Contrasting RegCC versus Z-score, 
the two are conceptually similar, and 
the mathematical formulas that they 
use for trending limits represent dif-
ferent versions of the same expression. 
However, there are two differences: 
first, the respective use of observed ver-
sus fitted subject lot intercept; and sec-
ond, the data used to generate RMSE 
for each method. These two differences 
are seen when RegCC is compared with 
PI. The RMSE for Z-score is slightly 
larger than that for RegCC. This is 
because both historical and subject lot 
results are included in the former (i.e., 
so there are more constraints) whereas 
only historical lots are used in the lat-
ter (i.e., fewer constraints). The larger 
RMSE results in smaller Zj  and lower 
likelihood of flagging an OOT. This ex-
plains the slightly lower detection rates 
of Z-score compared to RegCC.

The research described in this article 
implemented the Z-score in a different 
way from prior work (4,5), which used 

the standard deviation of residuals (i.e., 
observed minus fitted values) as the di-
visor for Zj . From the methodologies 
described, it is not clear what type of 
model was used to generate the fitted 
values. It is possible that a simple linear 
regression model was fitted, but only on 
the subject lot results. In this study, the 
Zj  divisor used was the RMSE obtained 
after fitting the available historical and 
subject lot results (excluding the lat-
est time point) with a SICS ANCOVA 
model. The RMSE, therefore, represents 
the deviation from this assumed in-
ter-lot (i.e., common slope with varying 
intercepts) and intra-lot relationship. 
Using this RMSE to calculate Zj , there-
fore, represents a more comprehensive 
implementation of the Z-score than 
found in prior research.

Detection rates for the best perform-
ing methods are only up to about 45% 
for a moderate extent of analytical OOT 
(Figure 2, kOOT=2) and increase only up 
to about 65% at large analytical OOT 
(kOOT=4). These magnitudes of induced 
analytical OOT are arbitrary and scaled 
as kOOT*Eij where Eij~N(0,σE

2) and the 
total variance (σA

2+σE
2) constrained to 

equal one per the ICC generalization. 
The relative performance among the 
methods is a more meaningful way 
to evaluate methods rather than the 
absolute values of the detection rates. 
To increase detection rates, the OOT 
trending limits can be rendered more 
conservative (e.g., by decreasing the 
proportion level used  from P=0.95 
to P=0.90). The challenge, however, is 
finding the right balance of stringent 
OOT limits that increase detection rates 
but do not inflate false alarm rates.

Previous research on this subject 
noted that the trending limits need 
only be established once for each 
product (2). Updating limits is only 
necessary if changes are made to the 
product stability profile or to the an-
alytical methods used, or to get more 
precise estimates when more lots are 
available to be included as historical 
data. As supportive simulation analy-
ses in this research, the OOT limits for 
RegCC were calculated using only the 
historical data available at the onset of 
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Figure 5. Lower Specification Limit (LSL) to-Out of Trend (OOT) limits ratio 
for increasing extent of process control OOT (βOOT).
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trending. The OOT limits were then “fixed” and used to 
trend the remaining subject lot results without updating, 
even as additional historical data were being generated. This 
approach contrasts with the dynamic  updating of RegCC 
OOT limits as  used in Figures 2–5. The supportive analyses 
showed very little difference between the performances of 
fixed vs. dynamic RegCC OOT limits. Thus, the extra effort 
required to update RegCC OOT limits dynamically does not 
appear to be worthwhile, although, in some cases, periodic 
updating may be performed at some pre-determined fre-
quency that is manageable for the QC personnel.  

Previous research (4) examined the simultaneous use of 
RegCC, ByTimeTI, and SlopeCC to better visualize results, 
but eventually recommended Z-score. Implementing multiple 
methods simultaneously may be too taxing for trending per-
sonnel given the number of attributes and on-going, repeated 
analyses needed. If a single method can be universally applied 
to both types of OOTs, it will simplify the implementation 
of any stability monitoring program. Among the methods 
compared in the scenarios  studied in this research, RegCC 
performed  the best  in detecting both analytical and pro-
cess control OOT with only a slight increase in Type I error 
rates. RegCC can be easily automated in an Excel spread-
sheet to calculate limits at all times j after inputting β̂ and 
RMSE from ANCOVA output. SlopeCC worked just as well, 
but only for detecting process control OOT. This method re-
quires estimating individual slopes and constructing histori-
cal slope-control limits at each time j data cut-off. SlopeCC is 
therefore more complex to implement than RegCC, without 
resorting to statistically programmed codes for automation. 
The last supportive analyses performed was specifying   β 
= 0 to simulate the data sets. The relative performances of 
the methods were similar to β = -0.15. This indicates that 
the OOT trending methods can be applied for both stability 
non-indicating and indicating attributes.

Conclusion
Studies used simulation to compare directly statistical meth-
ods that are typically used to identify analytical or process 
control OOT conditions under varying scenarios. Findings 
indicate that a tolerance interval-based version of either by 
time or slope by lot methods showed the worst performance. 
However, the slope by lot control chart is effective in detect-
ing process control OOT.  

Prediction interval, Z-score, and regression control chart 
are three related methods based on fitting a separate-inter-
cepts, common-slope ANCOVA model. The three are listed 
in order of their increasing effectiveness in detecting both 
analytical and process control OOT. The differences among 
them are only slight. Overall, the regression control chart per-
formed the best among the seven compared methods, with 
only a slight increase in false alarm rates (or Type I error). 
The method is relatively simple to implement in Excel spread-
sheets, requiring only ANCOVA model estimates from com-
mon statistical software. If a QC laboratory is constrained to 

use only one method for its stability trending programs, the 
regression control chart is recommended.  Using this  method, 
QC staff can flag potential OOT in real-time, then consult 
a trained statistician to confirm OOT using more complex 
models, and institute CAPA as needed.  
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and RMSE to calculate limit by  
Month.   

 Compare each  against  
limit. 

 

All Lots, all 
Months. 

Only the 
release (Month 
0) data,  

By Time Tolerance 
Interval 
(ByTimeTI) 

 Calculate Mean and SD by 
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 Calculate TI by  Month. 
 Compare  against  tolerance 

limit. 

 All Lots at 
each Month 

None 

By Time Control 
Chart (ByTimeCC) 
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 Calculate control limit by  
Month.  
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limit. 

 All lots at 
each month 

None 

Slope By Lot 
Tolerance Interval 
(SlopeTI) 

 Fit simple linear regression by 
Lot.   
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Historical Lot slopes. 

 Calculate TI of Historical Lot 
slopes.   

 Compare Subject Lot slope 
against slope tolerance limit. 

 All Months by 
Lot. 
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Background
Nephron is a rapidly growing manu-
facturer of generic respiratory medi-
cations and a contract manufacturer 
of blow-fill-seal products. Also, as 
a 503B compounder, Nephron has 
made significant investments in the 
production of high-volume pharma-
ceutical preparations for interstate 
distribution. Adapting their produc-
tion output to the constantly chang-
ing needs of the market requires fre-
quent product changeover activities. 
Pharmaceutical compounding is a 
time- and labor-intensive venture. 
Production processes are strictly reg-
ulated for quality and safety. Workers 
require a high level of training and 
to meet demand, facilities remain in  
continuous operation. 

To meet the aseptic standards 
associated with this type of work, 
Nephron spends a considerable 
amount of time and resources clean-
ing and disinfecting large production 
spaces. In 2018, they embarked on a 
joint project with STERIS to investi-
gate the use of an integrated vapor-
ized hydrogen peroxide (VHP) bio-
decontamination system to reduce 
the time associated with manual 
disinfection. This case study will 
provide insight into Nephron’s expe-
rience adopting an integrated VHP 
approach, the challenges encoun-
tered, and results achieved. 

Nephron’s Existing  
Decontamination Process
Nephron performs several differ-
ent sanitization steps daily. These 
include start-up cleaning, routine 
medial cleaning, scheduled clean-
ing, gross and triple cleaning. 
Nephron has six distinct zones that 
require frequent decontamination. 
Nephron’s maximum target cycle 
time, for a potential VHP biode-
contamination cycle (including the 
aeration phase), was 6 hours. 

Nephron Internal  
Evaluation and Decision
Nephron trialed other decontami-
nation technologies. STERIS VHP 
was selected because of its ability 
to decontaminate large spaces and, 

perhaps more importantly, its abil-
ity to integrate with their building 
automation system. This ability to 
automate their decontamination 
process promised to reduce oper-
ating costs, improve flexibility, and 
ensure process consistency. 

Nephron also chose to work 
with STERIS because of the com-
pany’s technical expertise and in-
tegration support services. These 
services include cycle develop-
ment assistance, operator train-
ing, installation support, factory 
acceptance testing, site acceptance 
testing, installation qualification/
operational qualification, preven-
tative maintenance, and calibra-
tion. No other company offered 
the same track record of success 
or level of technical expertise. 

The Integration Plan
As with any gaseous decontamina-
tion process, there are bound to be 
uncertainties. Nephron’s strategy to 
address these uncertainties was to 
dedicate one of their suites in their 
facility, for testing and developing 
standards for future VHP integra-
tion. To that end, this “testing en-
vironment” would be modified and 
run with multiple VHP cycles to cre-
ate a process for the modification of 
other suites in their facility.  

Case Study: Nephron 
Pharmaceuticals Compounding 
Facility Integrates STERIS VHP® 
Biodecontamination System
Abby Lovell, Pharma Insights Contributor, STERIS, Marketing 
Specialist, VHP Equipment & Consumables. 

John Klostermyer, Pharma Insights Contributor, STERIS, VHP 
Application Engineer.

Figure 1. Air sampling results from the incomplete VHP cycle before 
(red) and after (blue). The cycle only achieved about 140 ppm. 
Significant reductions in airborne viables were achieved.
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The Initial Test Cycle
A VHP test run was completed 
in the dedicated testing suite to 
determine how the system per-
formed with the room in its cur-
rent state. The first cycle with 
Vaprox® Hydrogen Peroxide Ster-
ilant had to be aborted mid-way 
to make some necessary system 
adjustments. While this test was 
unsuccessful, it did generate initial 
environmental data that was very 
encouraging (Figures 1 and 2). 

First Completed Cycle
With the knowledge gained dur-
ing the previous test and subse-
quent modifications to the system, 
a successful VHP decontamina-
tion cycle was completed on the 
next attempt. Moreover, the test 
cycle was completed in 3 hours 
and 2 minutes, nearly 50% faster 
than the originally targeted cycle 
time of less than 6 hours. Further, 
the data indicated that the envi-
ronmental monitoring targets had 
been reached (Figures 3 and 4).

Realized Benefits of  
VHP Integration
Nephron found the results of the 
first phase of integration extremely 
promising. Going forward, the 
STERIS system will be a valuable 
tool to significantly reduce manual 
cleaning time and to improve effi-
cacy due to the automated nature 

of VHP decontamination. In ad-
dition to the automation benefits, 
the target cycle time of 6 hours was 
cut in half. Data generated during 
testing, supports the premise that 
short exposures of high concen-
trations of VHP can effectively 
reduce both airborne and surface 
counts of viable microorganisms. 
This means the time-consuming 
manual cleaning process could 
now be completed in less than 
3 hours. STERIS and Nephron 
will continue to work together to 

implement this “facility of the fu-
ture” biodecontamination system 
into the rest of their process. 

To read the full case study 
“Nephron Pharmaceuticals 
Compounding Facility Inte-
grates STERIS VHP® Biode-
contamination System” visit 
https://www.pharmtech.com/
steris_VHP_casestudy.

Biopharma 
Insights—
Thought 
Leadership from 
Marketers/ 
Paid Program

Figure 2. Surface sampling results from incomplete VHP cycle before (red) and after (blue).

Figure 3. Air sampling results from completed VHP cycle before 
(blue) and after (orange). Room 223J-SAS-2 did not have a 
port and the door was closed. In rooms 223A-SAS1 and 223G-
SAD-1, it may be useful to activate the FFUs briefly during peak 
concentration to determine if this reduces airborne viables.

Figure 4. Surface sampling results from completed VHP cycle 
before (blue) and after (orange).

https://www.pharmtech.com/steris_VHP_casestudy
https://www.pharmtech.com/steris_VHP_casestudy
https://sterile.com
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points are required (3). For modified/
extended-release dosage forms, disso-
lution testing should show the rate a 
solution is formed with the release of 
active ingredients over specified time 
intervals, explains Cho. Relevant guid-
ance has been published to address the 
challenges of dissolution of modified or 
extended-release dosage forms (4,5).

When testing dissolution rates of sol-
id-oral dosage form drug products, im-
mediate-release and modified-release, 
standardized apparatus as described in 
the United States Pharmacopeia (USP) 
are employed (6). “USP General chapter 
<711> Dissolution includes four stan-
dardized apparatus: basket, paddle, re-
ciprocating cylinder, and flow-through 
cell,” Cho notes. “Where specified in a 
monograph, USP dissolution tests are 
legal requirements.”

Yet, these standardized approaches 
are not without limitations, as have 
been previously reported in the liter-
ature (7–9). Issues relating to not only 
the equipment used in standardized 
approaches but also the analysts per-
forming the tests can lead to dissolu-
tion profile variability.  

Furthermore, for some dosage forms 
there are limited test methods de-
scribed in the literature. As Speer et al. 
reported in 2019, for oromucosal film 
preparations with a modified release 
profile, despite there being a regulatory 
requirement to provide dissolution test 
data for this dosage form, there are no 
suitable recommendations of methods 
or established specifications available 
to follow (10). Therefore, when the test 
article may not respond to the stan-
dardized approaches and regulatory 
recommended methods, it may be 
necessary to employ new techniques 
or devices, Cho asserts.

Notable advances
“The most not iceable ana ly t ica l 
method or technological advancement 
in recent years to aid with dissolution 
testing is automation,” confirms Cho. 
Although automated dissolution has 
been explored for some time, more  

T he importance and criticality of 
dissolution testing throughout 
the pharmaceutical drug devel-

opment lifecycle is well-known and 
has been well-documented in litera-
ture. “Dissolution testing measures the 
extent and rate of solution formation 
from a dosage form, such as a tablet, 
capsule, or ointment,” says Sool Yeon 
Cho, department scientist, Nelson Lab-
oratories. “The dissolution of a drug 
is important for its bioavailability and 
therapeutic effectiveness.”

Varying specifications
Dissolution rate specifications vary 
depending on the design of the dosage 
form. In 2018, FDA updated its guid-
ance on recommendations for dissolu-
tion testing and specification criteria for 
immediate-release dosage forms that 

contain highly soluble compounds (1). 
However, not all drug products are 
covered by this guidance, which is ap-
plicable only to solid orally adminis-
tered immediate-release drugs that are 
intended to be swallowed. Generally, 
when measuring the dissolution rate 
for an immediate-release dosage form, a 
single-time point specification is used—
exceptions may occur when evaluating 
slow-dissolving drugs where two time 
points can be used—with samples taken 
between 30 and 45 minutes, and when 
approximately 75–80% of the active in-
gredient is dissolved (2). 

However, for modified-release dosage 
forms, multiple time points are speci-
fied for characterization of the in-vitro 
dissolution rate—for delayed-release 
forms two time points are required and 
for extended-release at least three time 

Despite its importance in drug development, 
dissolution testing still has some limitations, 
but advances in automation and real-time 
monitoring are producing promising results.

Limitations and Advances 
in Dissolution Testing
Felicity Thomas

Contin. on page 64
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Replication strategies should not be 
considered until an analytical method 
has been developed and confirmed to 
be generating data of a quality that 
is expected from its technology. The 
leverage of prior and platform knowl-
edge is recommended to deduce the 
expected performance of an analytical 
method. While replication of factors 
can reduce the uncertainty of an ana-
lytical method, there are limits to how 
much the uncertainty can be improved 
and replication should not be used as 
a way of masking a poorly developed 
analytical method. 

The core message of this article is 
to replicate those factors that have the 
greatest impact on analytical variabil-
ity (2). It is incumbent upon the ana-
lytical scientist to estimate the relative 
impacts of factors that may introduce 
variability into the measurement. 

With these principles in mind, this 
article will illustrate replication strat-
egies for a separation method on a 
small-molecule API and a bioassay for a 
biopharmaceutical or vaccine where the 
variability of factors has already been 
estimated. Barriers to replication such 
as inappropriate interpretation of mea-
surements from individual replicates 
will be discussed, while more suitable 
approaches will be recommended.

Statistical considerations  
and uncertainty 
A general equation (Equation 1), which 
combines all the factors that can be 
replicated within a method, is used to 
generate the standard deviation of mea-
surements from a method. Equation 1 
uses a sum of variabilities (variance 
components symbolized s²Factor) and 
the number of replicates (or unique 
levels, e.g., of intermediate precision 
factors such as analyst or equipment) 
of the individual factors (nFactor), 
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[Eq. 1]
Factors are often hierarchal in na-

ture, such as replicate injections of 
multiple sample preparations in HPLC. 

I  n January 2020, United States Phar-
macopeia (USP) published a Stim-
ulus to the Revision Process article 

in the Pharmacopeial Forum (PF) titled 
“Distinguishing the Analytical Method 
from the Analytical Procedure to Sup-
port the USP Analytical Procedure Life 
Cycle Paradigm” (1). One motivation 
behind the article was to encourage 
analytical scientists to consider the 
role of replication in the reduction of 
uncertainty in analytical measurement. 
More specifically, the PF article was 
directed towards the uncertainty of 
the reportable value that is impacted by 
both “between-run” and “within-run” 
replication. The authors consider the 

use of an analytical method to be the 
same as a ‘run’.

After publication of the PF article, it 
has become evident to the authors of 
this article that there are issues related 
to implementing the previous recom-
mendations, such as ensuring compli-
ance with compendial requirements 
and aspects of data processing for 
some methods. Examples of compen-
dial requirements include the required 
minimum number of injections of a 
solution in high performance liquid 
chromatography (HPLC) to demon-
strate system precision, and the assess-
ment of similarity of test and standard 
samples in bioassay. These complicate 
consideration of replication within a 
method. This article considers strat-
egies for replication within methods 
that conform to these (and other) con-
straints, improve precision via efficient 
replication, and challenge some norms.

For a robustly developed analytical method,  
a well-chosen replication strategy  
can effectively reduce the uncertainty. 

Reducing Uncertainty 
of an Analytical Method 
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In these cases, the degrees of replica-
tion are compounded leading to an 
adaptation of Equation 1 as shown in 
Equation 2:
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[Eq. 2]
Interpretation of the impact of within 

method replication is incomplete with-
out consideration of two additional 
points. The first is the impact of fac-
tors that impact variability over the 
long-term use of a method. These be-
tween-method (or between run) factors 
are defined by International Council for 
Harmonisation Q2(R1) Validation of 
Analytical Procedures (3–4) as interme-
diate precision (5) (within laboratories) 
or reproducibility (between laborato-
ries) factors and include laboratories, 
analysts, instruments, and reagent lots. 
In some methods these factors are neg-
ligible and can be ignored. Most nota-
bly the use of a standard can reduce the 
influence of these factors on variability. 
If non-negligible, the variability due to 
intermediate precision factors should 
be included in the calculation of sTotal. 
These intermediate precision factors 
may likewise be replicated to manage 
the total long-term variability of the re-
portable value. In this case, the report-
able value could be a summary measure 
from replicate runs.

Another consideration is the trans-
lation of total variability to uncer-
tainty. This can be expressed simply in  
Equation 3 as:
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[Eq. 3]
Here k is a statistical constant that 

is associated with “confidence”. Thus, 
k = 2 is sometimes used to express the 
uncertainty associated with 95% con-
fidence. The need to express total vari-
ability as uncertainty is required to 
evaluate a method’s capability against 
the target measurement uncertainty 
(TMU), which can be specified in the 
analytical target profile (ATP) (6–9). 
The ATP is used to define the perfor-
mance requirements associated with 
the reportable value and is defined by  

USP <1220> as “a prospective description 
of the desired performance of an analyt-
ical procedure that is used to measure 
a quality attribute, and it defines the 
required quality of the reportable value 
produced by the procedure” (10). USP 
<1220> suggests that a replication design 
can be used that reduces uncertainty to 
the point of satisfying the ATP and fur-
ther suggests that the replication design 
can be adapted to ensure conformance to 
the ATP after “qualification”.

Practical considerations often lead to 
non-hierarchical designs (perhaps with 
crossed rather than nested error terms) 
that are more difficult to understand 
and analyze correctly. It is also import-
ant to note that the variance models 
illustrated in the below examples (e.g., 
using Equation 5) assume not only inde-
pendence among (random responses at 
different) levels of the hierarchical de-
sign, but also independence among rep-
licates at each level. In most small-mol-
ecule assay systems, within-method 
replicates of a sample compared to the 
same set of standards, which may be 
correlated, are close enough to inde-
pendent that the variance modeling 
approach used below provides valuable 
guidance. In bioassay, it is important 
to check on these assumptions. Worth 
noting, but outside the scope of this 
article, are designs that incorporate 
factors having an important impact 
on variability that are non-hierarchical 
(e.g., crossed). 

Example 1: 
HPLC method using  
external standardization  
for small-molecule  
drug substance assay  
An external standard is commonly 
used where the concentration of the 
drug substance is quantified by com-
paring the response(s) obtained with 
the test sample solution(s) to the re-

sponses(s) obtained with standard 
solution(s) (11). Hofer et al. have previ-
ously highlighted that the variability of 
such HPLC assays range from 0.6–1.1% 
RSD [relative standard deviation] (12), 
which is an appreciable portion of a 
typical drug substance specification 
acceptance criteria (e.g., 98–102%). A 
suitable replication strategy is there-
fore desirable to reduce this variabil-
ity to an acceptable level. Chatfield 
and Borman (13) describe the use of 
a precision to tolerance ratio (PTOL) 
that can be used to compare the ana-
lytical procedure variation to the gap 
between the process mean and spec-
ification limit. They suggest that the 
analytical procedure should ideally not 
take up more than 30% of the specifi-
cation window. This equates to a tar-
get uncertainty ≤1.2% for this example. 
This is one of many ways to specify the 
precision portion of the ATP. 

The HPLC method (within-run) 
replication strategy should consider 
the number of preparations of the stan-
dard and sample solutions as well as 
how many times these solutions are in-
jected onto the HPLC system. Equation 2 
can be expanded using these factors to 
give Equation 4, which describes the un-
certainty associated with a sample esti-
mate compared to the standard from an 
HPLC assay method, where n, n’, m, m’ 
are the numbers of independent sam-
ple preparations, independent standard 
preparations, injections of each sample 
preparation, and injections of each stan-
dard preparation, respectively. 

Intermediate precision factors (4–5) 
(e.g., analyst, instrument, or column) 
are not considered in this example as 
previous ruggedness studies (14–15) 
have shown these factors to have a 
negligible impact on the overall uncer-
tainty (the use of external standardiza-
tion significantly reduces the influence 
of these factors on variability). 

Quality/Regulations

[Eq. 4]
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For this example, a plausible sample 
and standard preparation standard de-
viation of 0.65 and an injection sample 
and standard deviation of 0.1 will be used 

to illustrate the impact of replication of 
these factors on the method uncertainty.

Figure 1 displays four different de-
signs (each with a different within-run 

replication design) for the factors ex-
pressed in Equation 4, and Table I pro-
vides the constants that satisfy Equation 4 
for these designs. The calculated uncer-
tainty (U) for each design is shown in 
Figure 2.

Design 1 represents a typical replica-
tion design strategy used by the phar-
maceutical industry. It should be noted 
that the number of standard solutions 
and injections are often fixed and in-
corporated into the analytical method 
due to pharmacopeial expectations for 
checking system precision (17) (e.g., 
the Japanese Pharmacopoeia requires 
five degrees of freedom to be studied 
through six replicate injections). A pre-
dicted uncertainty of 1.31 was calcu-
lated for Design 1, which equates to 33% 
of the specification window (98–102%). 
This uncertainty does not quite meet 
the acceptance criteria in the ATP of 
the uncertainty taking up less than 30% 
(U≤1.2) of the specification window.

Table I. Constants in Equation 4 relating to the four high performance liquid chromatograpy assay designs (where k=2, 
95% probability); StDev is standard deviation.

Design Test sample prep StDev Standard prep StDev Injection StDev k n m n' m'

1 0.65 0.65 0.1 2 2 1 2 6

2 0.65 0.65 0.1 2 2 1 2 1

3 0.65 0.65 0.1 2 2 2 3 2

4 0.65 0.65 0.1 2 2 1 4 1.71*

*Due to the imbalanced nature of the standard injections in Design 4, m’ is not a round number and is determined from the harmonic mean of the 
number of injections across the standards (16).

S1

Design 1

S2A1 A2 B1 B2 S1

Design 2

S2A1 A2 B1 B2

i1-i6 i1-i6i1      i1      i1      i1      i1 i1 i1      i1      i1      i1      

S1

Design 3

S3A1 A2 B1 B2

i1,i2 i1,i2 i1,i2      i1,i2      i1,i2      i1,i2      

S1

Design 4

S4A1 A2 B1 B2

i1-i6 i1-i6i1      i1      i1      i1      

S2

i1,i2 

S2

i1 

S3

i1 

C1

i1      

C2

i1      

Figure 1. Alternative replication designs for test sample and standard preparations for high performance liquid 
chromatography (HPLC) assay where S1, S2, etc., represents standard preparations; A1 and A2 represent test 
sample preparations of Sample A; B1 and B2 represent test sample preparations of Sample B, etc.; i1, i2, i3, etc., 
represents the replicate injections for each standard or test sample preparation.
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Figure 2. Predicted uncertainty (U) of a reportable value for the different high 
performance liquid chromatography assay designs. 
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Interestingly, if no replication of 
injections were performed as in De-
sign 2, then the overall uncertainty 
(1.32) is only very slightly increased 
compared to Design 1. Design 3 
demonstrates that by adding just 
one additional standard preparation 
and balancing the injections across 
al l samples and standards (while 
not compliant with pharmacopeial 
expectations, provides similar in-
formation for injection variability) 
the uncertainty can be reduced to 
1.19 and thus just meets the uncer-
tainty acceptance criteria in the ATP. 
Design 4 retains the pharmacopeial 
requirement of six injections at the 
start and end of the run and pro-
vides the opportunity to increase 
the number of standards depending 
on how many samples are analyzed. 
For the three samples shown in De-
sign 4, two additional standards 
preparations (making a total of four) 
have been added, which results in a 
further improvement in method un-
certainty (to 1.14). Where even more 
samples are being analyzed within a 
run, Design 4 allows the opportunity 
for increasing the number of stan-
dard preparations thus improving 
the uncertainty associated with all 
samples analyzed. 

Example 2:  
Bioassay using relative  
potency for large-molecule  
drugs and vaccines 
In bioassay, the potency of a test sam-
ple is computed relative to a standard to 
separate the variability inherent to the 
biological system (i.e., in cell culture 
or animals) from the measurement of 
interest and to scale measurements to 
a target of 1.0. This involves use of a 
dilution or concentration series of both 
sample and the standard and using a 
mathematical model (four parameter 
logistic or linear regression) to estimate 
the relative potency of the sample to the 
reference. Once a bioassay has been op-
timized, replication is utilized to have 
enough power to reliably pass similarity 
and to further reduce variability of the 
reportable value. Whether prospectively 
designed or not, all bioassays employ 
some form of replication.

Replication can occur both within 
and between runs of the method. Runs 

may be comprised of one or more bio-
assay plates and can extend to other 
factors that are associated with appre-
ciable variability.

Two designs of a bioassay utilizing a 
hierarchal layout of runs, plates, samples, 
and a standard are illustrated in Figure 3 
(the dilution or concentration series are 
not illustrated and may be in a non-hier-
archical structure).

The two designs include the same 
numbers of standard and sample prepa-
rations, while Design 1 splits samples A 
and B from samples C and D between 
two runs, and Design 2 tests each sam-
ple in both runs.

These designs illustrate three levels 
of replication. Each design contains 
two runs with two plates in each run 
while the standard and samples are 
replicated within and across plates in 
each run of Design 1 and both across 
plates (within run) and between runs 
in Design 2. Relative potency can be 
determined for each sample on each 
plate. In general, a simple and useful 
model for uncertainty associated with 
the reportable value (the average across 
replicates of log relative potency) 
for both designs is given in Equation 
5, where n, m, and l are the numbers 
of runs, plates performed in each run, 
and sample replicates on each plate in 
each run. 

Equation 5 can be used to determine 
the uncertainty (U) associated with 
the two designs using variance com-
ponents derived from log potency. It 
is noteworthy that both designs use 
a fixed number of standard replicates 
(2) as a part of the method. Different 
results will be realized from other 
methods that use fewer (higher un-
certainty) or more (lower uncertainty) 
standard replicates. Table II provides the 
constants for Equation 5 associated with 
these configurations.

Quality/Regulations

S1 S2 A1 A2 B1 B2

Plate 1 Plate 2

Run 1

Plate 1 Plate 2

Run 2

Design 1

Plate 1 Plate 2

Run 1

Plate 1 Plate 2

Run 2

Design 2

S3 S4 A3 A4 B3 B4

S1 S2 C1 C2 D1 D2 S3 S4 C3 C4 D3 D4

S1 S2 A1 B1 C1 D1 S3 S4 A2 B2 C2 D2

S1 S2 A3 B3 C3 D3 S3 S4 A4 B4 C4 D4

Figure 3. Two bioassay designs, each with two runs containing two plates 
each, and with S, A, B, C, and D representing a standard and four samples, 
respectively.
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A total variability (intermediate preci-
sion) equal to 20% geometric coefficient 
of variation (%GCV) will be used for pur-
poses of illustrating the uncertainty for 
the two designs. In bioassay, both the total 
variability and the relative proportions 
of the three sources of variability (runs, 
plates, and replicates) will differ from 
method to method. The calculated un-
certainties using the constants in Table II 
and two distributions of standard devia-
tions (of ln potency) corresponding to the 
three sources of variability are presented 
in Table III.

As illustrated in Figure 4, Design 2 is 
more effective in reducing uncertainty 
than Design 1 (i.e., there are meaning-
ful reductions in uncertainty from 
0.28 to 0.25 for standard deviation 
distribution 1, and from 0.24 to 0.21 
for standard deviation distribution 2), 
which is a consequence of replicating 
the highest level factor (run).

Blue shading in the plot shows the 
intersection of the uncertainty require-
ment of the ATP with predicted uncer-
tainties for the designs. Here uncer-
tainty <30% (natural log uncertainty 
<0.26) is used for illustrative purposes. 
This will have been determined to en-
sure a low likelihood of generating an 
out of specification result due to im-
precision in the bioassay. A basis for 
deriving the uncertainty criterion from 
a potency specification is illustrated in 
USP General Chapter <1033> "Biolog-
ical Assay Validation" (18). Points on 
each curve that fall on or below the 
tops of the shaded regions indicate 
conformance to the requirement. 

Effectiveness in reducing uncer-
tainty isn’t the only consideration 
when selecting a replication design for 
a bioassay. Practical considerations 
such as the number of samples that can 
fit on a plate and sample load will help 
to inform the design.

Discussion
Prior to designing a replication strat-
egy for an analytical method, system 
suitability criteria should be estab-
lished. Alongside checks for character-
istics such as specificity (e.g., ratio of 
peaks in a HPLC system) and sensitiv-
ity, system suitability may also include 
the acceptable variability among the 
individual results for the factors (e.g., 
sample preparation, sample injection, 
etc.) being replicated. This can be ob-
tained from prior knowledge about the 

analytical technology. A reportable 
value is only valid if such system suit-
ability criteria are met. 

Schofield et al. (1) and Foust et al. (19) 
highlight issues associated with exist-
ing regulatory guidance that makes im-
plementing a replication strategy prob-
lematic. For example, FDA’s Guidance 
for Industry: Investigating Out-of-Spec-
ification (OOS) Test Results for Phar-
maceutical Production (20) and ICH 
Q1E: Evaluation for Stability Data (21) 
both indicate that individual mea-
surements (rather than the averaged 
reportable value) should be compared 
against specification limits and if ob-
served to fall outside, the reportable av-
erage of these measurements should be 
treated as an out-of-specification result 
(OOS). System suitability criteria for 
acceptable variability among individ-
ual measurements should negate the 
need of this requirement. Comparing 
individual measurements against spec-
ification limits creates a disincentive 
for developing scientifically sound-
procedures. Increasing the replication 
improves product quality by reducing 

Table II. Constants in Equation 5 relating to two bioassay designs (where k=2, 
95% probability). 

Design n m l

1 1 2 2

2 2 2 1

Table III. Uncertainties for two designs with different sets of standard deviations for Run, Plate, and Replicate.

Standard deviation distribution 1 Standard deviation distribution 2

Design s_Run s_Plate s_Replicate Uncertainty s_Run s_Plate s_Replicate Uncertainty

1 0.08 0.15 0.06 0.28 0.08 0.06 0.15 0.24

2 0.08 0.15 0.06 0.25 0.08 0.06 0.15 0.21

Figure 4. Predicted uncertainty (U) of a reportable value for different 
bioassay designs and sets of standard deviations (SD) for Run, Plate, and 
Replicate.

Design 1 (1-Run)0.276333
Design 2 (2-Runs)0.251157
Design 1 (1-Run)0.237571
Design 2 (2-Runs)0.20775
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the uncertainty of results; however, the 
increased analytical testing generates a 
greater risk of observing OOS results. 

The precision component of the ATP 
should refer to the reportable value that 
can be derived from the use of either 
an analytical method or an analytical 
procedure. The four designs shown in 
Example 1 and Design 1 in Example 2 
exemplify derivation of the reportable 
result from an analytical method. An 
alternative strategy described by Scho-
field et al. (1) is where the analytical 
method is converted into an analytical 
procedure through replication of the 
entire analytical method (or a run) as 
in Design 2 in Example 2. Following 
this pathway leads to the question 

“when is the method good enough?” 
This might be answered by saying that 
the method is adequate when it has 
been developed using the best scien-
tific principles and practices for the 
given technology, and that it performs 
as expected for that technology. This 
might be viewed as a quality by design 
approach that interprets method de-
velopment as the practice of “building 
quality into the method,” through sci-
ence and statistics (replication).

Some may argue that the use of rep-
lication may reduce the incentive to 
properly select and adequately optimize 
a method. A laboratory may, however, 
be faced with competing circumstances 
during method development. If, for ex-
ample, a method is to be developed and 
then transferred to a laboratory or re-
gion with limited resources or lack of 
experience with more advanced tech-
nologies, a substandard technology 
might be selected, optimized, and the 
resulting analytical method replicated 
to a degree that satisfies the precision 
requirement for the reportable value. 
Here, as in the case of optimizing a 
technology and replicating to satisfy the 
ATP, the end justifies the means.

Conclusion
Once an analytical method has been 
developed it can be f ine-tuned to 
reduce uncertainty (to meet the pre-
cision requirement in the ATP) by 
replicating the factors that give rise 
to most of the variation. Prior knowl-
edge about technologies coupled with 
any precision studies performed on 
the analytical method can be used 
to predict the variability of method 
factors and guide which ones could 
benefit from being replicated. This 
article has demonstrated that certain 
replication strategies may be more 
appropriate than current compen-
dial requirements. At the very least, 
improved replication strategies can 
be used in conjunction with replicat-
ing factors that are required to meet 
compendial requirements. Once an 
analytical method has been devel-
oped with a suitable replication strat-
egy, system suitability limits should 
be established that should include 
the acceptable variability among the 
individual results for the replicated 
factors. With this in place, the prac-
tice of comparing individual measure-
ments against specification limits is 
not necessary and should be discour-
aged. Consideration should also be 
given to using a stable control sample 
of known quality every time an ana-
lytical method is used or periodically 
if there are resource constraints. This 

allows for the predicted uncertainty 
estimated for the analytical method 
and/or procedure to be verified and 
adjusted over time if necessary.
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to respond to the unanticipated and immediate needs in 
fighting a pandemic, as well as assure that the manufacture 
and supply of life-sustaining medicines spanning all 
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contract manufacturing capacity, pressure to produce 
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The safety of medical devices may be compromised by the 
chemical compounds used to manufacture them coming into 
contact with the patient. To identify the chemical compounds of 

concern, extractables and leachables (E&L) studies are performed. As 
a result of increasing global regulations and safety requirements, the 
characterization and testing for E&Ls has become more critical for both 
medical device manufacturers and their suppliers. Pharmaceutical 
Technology recently spoke with Dr. Andrew Feilden, E&L European 
Strategic Director at Hall Analytical, and Dr. Ben MacCreath, Strategic 
Program Manager for Waters Chemical and Material Business, about 
the critical nature of adopting a robust chemical testing plan that 
complies with recently modified regulations outlined in International 
Organization for Standardization (ISO) 10993 Part 18 to help ensure a 
smooth and speedy route to market. 

PHARMTECH: What are the challenges moving from one E&L 
standard to another, such as from pharma to medical devices?

MACCREATH: The challenge posed to us is mainly within the context 
of: “Will my existing instrument work for this?” Once an analyte 
is in the vial and presented to the liquid chromatography–mass 
spectrometry (LC–MS) system, there is a lot of overlap in the analytical 
workflows. Outcomes will be acceptable for the required activities, 
but there are broader considerations with respect to the sample 
preparation and analytical thresholds.

FEILDEN: Once a solution is ready for analysis, the same analytical 
approaches are relevant. The solution doesn’t know if it is for a pharma 
or medical application. There are, however, differences regarding 
required limits, based on delivery route and sample preparation. 

PHARMTECH: What challenges are posed by the updated E&L 
guidance for medical devices captured in ISO 10993 Part 18?

FEILDEN: The significant change is that it went from a vague 
document in terms of required chemical characterization of E&L 
activities to something much more thorough. One key area of change 
is the concept of the analytical evaluation threshold (AET), which gives 
guidance on how low to go in setting testing limits. Any chemical 
detected below the AET is deemed to have negligible safety concerns. 
This marries up closer to guidance around pharmaceutical products, 
such as United States Pharmacopeia <1663> and <1664>.

PHARMTECH: Is it reasonable to use a one dose-based threshold 
(DBT) or safety concern threshold (SCT) for primary packaging and 
another for the device?

Challenges with Extractables and 
Leachables in Medical Devices FEILDEN: The AET develops the limits required for 

an E&L study. If the two parts are related, and the 
same product would be given to a patient, then the 
same AET should apply using the same DBT or SCT. 
Whichever is chosen, the lowest should be used to 
derive the AET.

PHARMTECH: What is the best approach for 
deciding which standard to use as a comparison 
once an AET has been calculated?

FEILDEN: This is one of the most challenging parts 
of extractable testing. Every chemical species has a 
range of physical chemical properties. Is it an acid? 
Is it a base? You need to have a range of chemicals 
to derive a particular AET standard. For different 
analytical techniques, use multiple standards to 
achieve different aspects around the AET.

PHARMTECH: What are some major  
considerations for analytical setup that impact 
regulatory compliance?

FEILDEN: It is important to understand the 
analytical level your equipment can achieve. 
Derive and devise a study based on how many 
components/devices and how much solvent is 
needed to achieve the required analytical levels.

MacCreath: Look for a system and software solution 
that achieves compliance. Ensure data integrity, 
deploy informatics that conform to 21 Code of 
Federal Regulations Part 11, and ensure that your 
system and software can be qualified and validated. 
Also, have a robust solution with traceability and 
transparency throughout the supply chain.

PHARMTECH: Are there dosage forms or devices 
that are challenging to test?

FEILDEN: The most challenging devices are those that 
are large in size and require a large solvent volume. 
This will give a very low detection level, which makes 
subsequent analytical workups more challenging. Also 
challenging are devices that are absorbed by the body 
and require a complete dissolution. 

PHARMTECH: Are there design materials with a 
higher E&L risk profile?

FEILDEN: No materials are completely risk free, 
but the more amorphous the material is, the more 

likely or easier it is for a chemical species to migrate 
through the material and out into the patient. 
Elastomers are of more concern than plastics, but 
glass and metal are not risk free. You may see more 
species from elastomers than from the plastics, but 
there may be aspects around glass delamination—
or for metals, surfactants, or cleaners—that may still 
be present form their manufacturing and leach into 
the product—ultimately affecting the patient.

MACCREATH: Another important consideration 
involves  “non-intentionally added substances” (NIAS). 
For example, with thermosets, you are more likely to 
need to identify NIAS, which gives rise to potentially 
more elucidation.  Technologies such as LC–MS can 
detect many different compounds, and elucidation 
tools can identify a multitude of peaks. The important 
thing here is how manufacturers interact with their 
suppliers, which can save time and effort by helping 
along this identification process. By far, the quickest 
route is to have information from the supply chain as 
to what compounds could be present, then use this 
information to build a library of compounds for LC–MS 
and target those compounds. As a result, the screening 
process becomes simpler and less time intensive.

PHARMTECH: Are there challenges introducing 
sustainability (disposable and single-use products) 
into medical devices?

MACCREATH: The footprint of the medical device 
industry is substantial. It is challenging to improve 
sustainability and reduce costs, while also not 
reducing patient safety. One route is to provide 
material that is sustainably sourced. Intuitively, 
it seems easier to work from the monomer level 
rather than nature’s polymers. The challenge 
here is to replicate the performance properties 
required, which is difficult with an inherently more 
heterogeneous source while trying to maintain an 
acceptable E&L profile.

FEILDEN: It is easier to get virgin raw material to 
achieve the highest quality standards required for 
medical devices than it is to use a recycled feed 
stock. Many polymer manufacturers are using 
different additive packages to get back to the 
monomers to enable polymerization in a clean and 
pure form.but the more amorphous the material is, the more pure form.

Waters Corporation, a specialty measurement company, has pioneered chromatography, mass 
spectrometry, and thermal analysis innovations serving the life, materials, and food sciences. 

https://www.waters.com/nextgen/us/en.html
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Suppliers are used to having known, 
predictable demand. As demand has 
increased considerably, old methods 
are now ineffective. For users, it is not 
straightforward to bring on and qual-
ify new suppliers. There are some key 
materials (e.g., vials, syringes, stoppers, 
seals) from a limited number of suppli-
ers, which limits flexibility to increase 
the supplier base.

With suppliers setting priorities, 
companies are receiving notifications 
(e.g., single-use materials, resins) to 
re-confirm and re-route deliveries. 
There’s the risk of over-ordering and 
creating safety stocks, which creates 
inefficiencies across the industry.

Recognizing how interconnected 
the bio/pharma industry is, and how 
shortages in one area affect other 
medicines, is critical to defining any 
solution for improving materials dis-
tribution and logistics.

People and ways of working:  
Impact of COVID-19
During the COVID-19 crisis, it’s been a 
challenge simply to keep manufactur-
ing facilities open and running. One 
company with seven sites, all of which 
needed to be kept open, developed new 
ways of working. This experience has, 
of course, accelerated implementation 
of remote working practices, previously 
seen as having significant blockers.

Starting in mid-2020, the biopro-
cessing industry performed an impres-
sive and rapid response to transfer and 
scale-up despite lack of clarity on basic 
information (e.g., on final formulation, 
stability data, dosage, and volumes). In 
addition, forecasting has been diffi-
cult; the volume and scales required for 
COVID-19 vaccines and therapies are 
a new experience for many companies. 
In one example, with work starting in 
mid 2020, the first commercial-scale 
vaccine material under good manufac-
turing practice (GMP) was produced in 
November 2020. However, this speed of 
response has resulted in less-than-op-
timal processes requiring further work 
to improve robustness of the process, 
and to respond to increasing demand 
volumes.

M onumental challenges are fac-
ing manufacturers, contract 
development and manufactur-

ing organizations (CDMOs), and sup-
pliers during the evolving situation in 
the manufacture of COVID-19 vaccines. 
BioPlan Associates interviewed front-
line bioprocessing decision-makers to 
assess and highlight the general biopro-
cessing, raw materials, and supply chain 
challenges associated with COVID-19 
vaccines, together with need for ap-
proaches to moderate risks and avoid 
delays. The following are key challenges 
for COVID-19 vaccine manufacturing 
and supply chains.

Availability of materials
The most critical factor raised in re-
gard to COVID-19 vaccine manufac-
turing has been the availability of ma-
terials. While this has not been entirely 

unexpected, the delays and challenges 
have stressed the supply chain severely. 
From basic raw materials (e.g., buffers, 
resins, sodium chloride), to consum-
ables (e.g., single-use bags, tubing, 
sterile filters) and fill/finish (e.g., vials, 
stoppers)—these all need to be avail-
able and in place for the system to 
function. Delays for delivery of some of 
these materials are forecast to be 12 or 
15 months; sterile filters delivery times 
have been extended from 2–3 months 
to 9–12 months; lead-times also have 
extended for media and chemicals. 
And while some suppliers have the 
ability to expand with flex-capacity—a 
glass vials supplier is increasing output 
by five times—most do not.

Where suppliers can’t supply, they’re 
making priorities. The common view 
was that one needs to see the whole 
picture of demand with critical stock 
available for everyone to access. This 
‘emergency’ supply chain management 
is new to the industry and is evolving. 

The availability of materials is a critical  
factor when it comes to vaccine capacity.

Supply Chain Challenges 
Creating Hurdles to COVID-19 
Vaccine Production
Jonathan Dakin

Jonathan Dakin is a collaborator with 
BioPlan Associates, Inc.
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Event Overview
In recent decades, scientists and industry leaders have begun taking note of the 
influence that water activity (also known as aw, RH, or relative humidity) has on 
chemical stability, microbial stability, flow properties, compaction, hardness, and 
dissolution rates of dosage forms. 

With water activity’s greater popularity has come new regulations and standards. 
The latest related standard—US Pharmacopeia (USP) General Chapter <922> 
“Water Activity”—has been finalized and will be published in May 2021. 

In this live webinar and Q&A, Tony Cundell, a member of the USP Microbiology 
Expert Committee that crafted USP <922>, will:

•  Break down the details and implications of the USP’s involvement in water 
activity regulation and guidelines, specifically the upcoming General 
Chapter <922>

•  Respond to audience questions related to water activity, its applications, and 
the USP’s intent behind chapters <1112> and <922>

•  Outline a foundation for how and why water activity is a versatile and 
valuable measurement

•  Explain the role of water activity in the mitigation of the risk of microbial 
contamination in non-sterile drug products

Key Learning Objectives
•  Learn the details and key points of the new USP General Test Chapter <922> 

“Water Activity, “ and discuss other related chapters and guidelines.
•  Review the fundamentals of water activity and how to apply it to safely and 

efficiently develop and produce drug products.
•  Understand why the United States Pharmacopeia has chosen to emphasize 

water activity and broaden the need to measure it.

Who Should Watch
Please plan to attend if you:

•  Have wondered how USP <922> Water Activity will impact your company or role 
•  Would like to speak with a USP expert microbiologist about how water activity 

measurements can safely and efficiently be used in research functions, 
microbiology labs, in process or stability testing, and elsewhere 

•  Currently use or are interested in using water activity to improve quality, 
stability, or packaging of drug products

• Want to learn about how hurdle technology can reduce microbial risk

Unpacking USP <922> 
and Water Activity’s Role 
in the Pharmaceutical 
Industry

Register for this free webcast at:  
www.pharmtech.com/pt_p/unpacking
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The industry also needs to consider 
‘people resources’ capacity. Bio/pharma 
companies need people with the right 
education and pharma-specific skills. 
It is now near-impossible to source ex-
pertise across regions—both for manu-
facturing and support functions.

Manufacturing capacity  
and supply chain
The overall view of those interviewed 
is that COVID-19 challenges are likely 
more centered on the fill/finish activ-
ities rather than drug substance man-
ufacture. With low dosing, relatively 
small amounts of active product are 
needed to then manufacture large vol-
umes of drug product.

Even before the pandemic, there 
has been experience of shortages of bi-
ological manufacturing equipment and 
supplies (e.g., bioreactors, single-use 
devices, analytical support), as orga-
nizations planned against a changing 
product and service portfolio. The 
ability to respond is now compromised, 
as travel restrictions make it difficult 
to have vendors on site to install and 
qualify new equipment (e.g., filling 
lines). One company BioPlan spoke 
with estimated a one-year delay to 
commission new facilities.

For processing capacity, the challenge 
is probably not stainless-steel vessels, 
because many vaccines are produced 
via single-use systems. In terms of 
global capacity, there does not seem to 
be an overall or strategic view of capac-
ity availability and awareness of capac-
ity builds; a better overview and coor-
dination of demand and capacity across 
the bio/pharma industry is needed. The 
ad hoc approach to bioproduction of the 
various vaccines in development and in 
production has, and will continue to, 
lead to competition for raw materials, 
consumables, and supplies. 

For COVID-19, the industry has 
come together in the short/medium 
term on the technical side, but this 
collaboration is limited in terms of re-
source allocation and supply of materi-
als, both for COVID-19 and other med-
icines. The concern is how sustainable 
these technical collaborations may be 

in the longer term. What will normal 
capabilities be after the pandemic? 

For example, the bio/pharma indus-
try has focused on COVID-19 and this 
has been well supported by in-house 
quality assurance and regulatory func-
tions and the regulatory authorities. 
This enabled accelerated approval and 
rapid product clearance for patients. 
COVID-19 vaccine production is cre-
ating significant bottlenecks in the bio-
logics supply chain, and it’s unclear how 
this may be impacting the wider portfo-
lio with other products in development 
and already in commercial supply.

Existing and new business
Bio/pharma businesses continue to 
look to grow through increased capac-
ity to meet existing customer demands 
(e.g., as CDMO service providers and 
to manufacture biosimilars). There has 
been significant new demand (drug 
substance and product) since mid-2020 
in response to COVID-19. The ability 
to respond can be in direct competi-
tion to existing business, made more 
challenging with the high expectation 
on speed of response. From an over-
all business perspective, there’s clearly 
the challenge to respond to COVID-19, 
but also continue to supply other med-
icines and treat other ill patients.

Investors (including government) 
have been providing financial support 
and are taking risks to support the de-
velopment of COVID-19 vaccines and 
therapies. It seems, however, that the 
cost of goods and sales price have not 

been significant drivers. The business 
is being driven by the need to reopen 
the world; this drive and investment 
has enabled access to, and speed of, the 
COVID-19 supply chain.

Increasing capacity demands
The overall view of manufacturers 
interviewed is that there may be suf-
ficient (even if near 100%) available 
bioproduction capacity, if it could be 
efficiently coordinated. Despite capac-
ity being available around the world, 
issues of intellectual property, regu-
latory factors, and quality challenges 
must be rapidly resolved in order to 
make capacity useable. The challenge 
here is how to become more f lexible 
with how existing, available capacity 
is used and maintain a balance across 
the whole product portfolio.

For example, there’s the potential 
renaissance of the stainless-steel ves-
sel as an enabler of mass production. 
Clients want to avoid shortages, and 
there seems some movement back to 
stainless rather than single-use sys-
tems, if technically feasible. There is 
the view from some that even if exter-
nal capacity is available, some com-
panies would still prefer to develop 
in-house, rather than have the delays 
(greater than six months) of qualifica-
tion and technology transfer to a third 
party. For some organizations, there’s 
the preference to ramp up production 
capacity and scale up capabilities in-
ternally. There are, for example, some 
domestic facilities in China that have 
considered offering GMP large-scale 
capacity to the production of vaccines 
in order to create access to interna-
tional markets. Despite the challenges 
in drug substance manufacture, the 
industry explicitly needs adequate 
fill/finish capacity to meet increasing 
global volumes for vaccines and other 
therapeutics that are being sidelined 
for vaccines production.

The bio/pharma industry has gained 
experience and efficiency over the past 
three decades, but nothing could have 
prepared it for the dramatic impact of 
the COVID-19 pandemic. Yet, it has 
risen to the crisis with remarkable 
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speed. From development to vaccine de-
livery, the industry has created a scien-
tific equivalent of the Wirtschaftswun-
der, the rapid reconstruction of German 
industry following World War II. 

Yet this has not been without impact 
on the underlying industry. One of the 
key challenges the bio/pharma indus-
try has faced in recent times is manag-
ing and balancing its overall available 
capacity. Too much excess, or unused 
capacity, and costs can skyrocket. Too 
little capacity, and life-saving medi-
cines do not get manufactured in time. 
Thus, measuring production capac-
ity and capacity utilization has been 
important in assessing the industry’s 
ability to balance supply and demand. 
The pandemic exploded this delicate 
balance, and even manufacturers not 
directly impacted by the pandemic 
were finding a ripple effect as projects 
displaced by COVID-19 ended up with 
other producers. 

Figure 1 shows data from BioPlan’s 
17th Annual Report and Survey of Bio-
manufacturing Capacity and Produc-
tion (1). It shows the average produc-
tion capacity in various bioprocessing 
platforms, by biotherapeutic develop-

ers, and by contract manufacturing 
organizations (CMOs). For reference, 
17 years ago, in 2004, mammalian cell 
culture capacity utilization was 76.4% 
(vs 68.2% just prior to the pandemic). 
However, in 2004, the industry news 
was about the disastrous ‘capacity 
crunch’ the imbalance between de-
mand for production capacity and 
what had been built at the time. Today, 
some have projected short-term ca-
pacity utilization for vaccines produc-
tion significantly higher than during 
that ‘crunch’ period. While COVID-
19 vaccines production is a transient 
event, the impact is real, and likely to 
be long-lasting. As COVID-19 proj-
ects displace existing or pending drug 
production, many non-COVID clinical 
trials are at risk for delays. This affects 
patients, companies, and investors. 

Process and supply chain efficiencies
Rather than building and qualifying 
new facilities or outsourcing, another 
strategy to increase capacity is to im-
prove process efficiencies and robust-
ness. This problem has increased due 
to accelerated development and ap-
provals; processes are not developed 

for mass volumes. A solution is needed 
to improve capabilities to deliver better 
processes. This includes considering 
planning the process and the scale up 
in order to manage the capacity now, 
through, and after the pandemic.

The same may be said about improv-
ing efficiencies across the supply chain. 
In discussion with industry experts, 
there’s the belief that there are oppor-
tunities to increase supply chain speed 
further in addition to the accelerated 
approvals seen via regulatory authori-
ties’ fast-track approvals.

Industry initiatives to optimize  
manufacturing and supply chains
Most experts interviewed were not in-
volved in or aware of significant ini-
tiatives underway to optimize supply 
chains; there is a lack of transparency 
to share issues and information in real 
time. There was some variance in views 
as to whether the industry should co-
ordinate ‘pandemic preparedness’; the 
industry has responded well with little 
apparent formal coordination.

There seems desire to align across 
the industry, but the reality is that 
companies are likely to still want to 

Mammalian 
Cell Culture

Microbial 
Fermentation

Cell or 
Gene Therapy

68.7%

64.8%

63.0%

62.7%

46.2%

73.4%

CMOs

Biotherapeutic 
Developer

Source: 17th Annual Report Biopharmaceutical Manufacturing Capacity and Production, BioPlan Associates, Inc. April 2020 www.bioplanassociates.com 

Figure 1. Average production as % operating capacity, biotherapeutic developers vs. contract manufacturing 
organizations (CMOs), 2020 (pre-pandemic). 
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keep to their own practices. It’s been 
difficult to ‘predict the race’. With 
the variety of organizations and ap-
proaches, it would be very difficult to 
standardize longer-term preparedness. 
Some organizations have experienced 
significant growth due to COVID-19, 
but again this introduces more com-
plexity to establish industry best prac-
tices and approaches.

Industry groups are working in this 
space (e.g., cross-industry forecasting). 
There are ongoing challenges to secure 
adoption of new ways of working, due 
to legacy regulatory and quality/com-
pliance practices and established orga-
nizational culture. Some respondents 
expressed concern that after the emer-
gency, the industry will go back to its 
normal ways of working.

Conclusion
The most critical factor raised re-
garding vaccine capacity has been the 
availability of materials. The indus-

try must see the whole picture of de-
mand with critical stock available for 
all stakeholders to access.  With this 
holistic view, there should be better 
understanding of how supply chain 
challenges create shortages and how 
then to prioritize certain medicines 
and organization resources.

COVID-19 response has accelerated 
implementation of new ways of work-
ing, but will these new approaches stick 
after the pandemic?

The ability of a company to respond 
to COVID-19 can be in direct compe-
tition to existing business. It’s unclear 
what the impact is on the wider port-
folio with other products in develop-
ment and in commercial supply. Speed 
of response has resulted in non-ideal 
processes requiring further improve-
ment to respond to increasing demand 
volumes. The solution is not just about 
making more capacity available, it’s 
more about capabilities to deliver better 
processes and supply chains.

Most experts interviewed were not 
involved or aware of significant initia-
tives underway to create long-term solu-
tions to the problems that have surfaced 
regarding pandemic-level production 
challenges. Part of this is the result of a 
lack of transparency to share issues and 
information in real time.

The industry needs a better overview 
and coordination of demand and capac-
ity and a network to solve problems to-
gether. Industry needs to become more 
flexible with how capacity is used—in 
particular, adequate fill/finish capacity 
to meet increasing global volumes, in-
cluding new products in development. It 
is unlikely that this will be the last pan-
demic the bio/pharma industry will need 
to respond to.

Reference
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recent advancements have been seen in 
the use of computerized software that 
aids with the regulatory audit trail re-
quired, he adds. For Cho, full dissolu-
tion automation—sampling station and 
analysis—and a paperless dissolution 
workstation will be important trends 
in the near future.

Recent research by Chi et al. de-
scribed an automatic method for dis-
solution testing with high-temporal 
resolution using high-speed capillary 
electrophoresis (HSCE) (11). In their 
work, the researchers’ proposed a sys-
tem comprised of three components—a 
flow-through-cell for tablet dissolution, 
an automatic sequential injection with 
high-temporal resolution, and on-line 
separation/detection using HSCE. Val-
idation of the methodology was per-
formed according to FDA guidelines. 
Immediate and fixed-dose products 
were assessed by Chi et al. who found 
that with their fully integrated on-line 
automatic system it was possible to 
monitor dissolution with high-tem-
poral resolution in real-time, which is 

promising particularly for fixed-dose 
combination drug products.

In other work, by Galata et al. in 2019, 
an artificial neural network (ANN) 
model was built to predict the dissolution 
profile of extended-release tablets (12). 
Using data collected by near-infrared 
and Raman spectroscopy, as well as the 
compression force measured by the tablet 
press as input data for the ANN model, 
the researchers were able to predict the 
in-vitro dissolution profile of extend-
ed-release tablets. The predictions of 
dissolution profiles were within the ac-
ceptance limit of the similarity factor, 
f2, and the authors concluded that with 
more work it could be possible to build 
models that consider more process pa-
rameters, allowing for a deeper under-
standing of product quality.

“Real-time release testing (RTRT) 
and how a multivariate model could 
create a surrogate for dissolution test-
ing is certainly a trend for the industry,” 
Cho adds. “Since dissolution testing is 
not favored by industry—it is time con-
suming and does not always correspond 
to in-vivo dissolution—RTRT measure-
ments, as a part of continuous manu-

facturing platforms are emerging to 
replace the traditional dissolution tests.”
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Q.How much time should I allow for a deviation to be 

investigated?

A.The length of time it takes to complete an investiga-

tion depends on the complexity of the investigation. 

Simple deviations can be completed in a short time frame, 

but more involved deviations will take longer to complete. 

We recommend you set a time frame that is reasonable 

for your organization. For example, you might indicate that 

deviations will be investigated and completed between 

30–60 days after the deviation was documented. This gives 

you some flexibility.

Q.Are out-of-specification (OOS) results considered 

deviations?

A.No. OOS results need to be investigated separately 

and quickly due to the potential impact to the product. 

If the root cause of the OOS cannot be attributed to labo-

ratory error, you should initiate a deviation/investigation to 

determine what happened during product manufacturing 

that attributed to the erroneous laboratory result.

Reference
 1.  B. Cox, FDA Compliance Experts Advise Against Treating Minor 

Changes as ‘Planned Deviations’, Pink Sheet, Oct. 5, 2018.PT

Adare Pharma Solutions .........................................................................................................................................................................................................21

AMRI .........................................................................................................................................................................................................................................57

Associates of Cape Cod .........................................................................................................................................................................................................23

CapsCanada ............................................................................................................................................................................................................................13

Catalent Pharma Solutions ....................................................................................................................................................................................................68

Chemic Labs ..............................................................................................................................................................................................................................3

Coating Place .............................................................................................................................................................................................................................7

Contec, Inc .................................................................................................................................................................................................................................9

IMA S.p.A ..................................................................................................................................................................................................................................27

Leistritz .....................................................................................................................................................................................................................................25

METER Group Inc. ...............................................................................................................................................................................................................47, 61

Nelson Laboratories, LLC .......................................................................................................................................................................................................35

PDA ...........................................................................................................................................................................................................................................11

Pfizer CentreOne .....................................................................................................................................................................................................................31

Renishaw ..................................................................................................................................................................................................................................33

ROSS Mixers .........................................................................................................................................................................................................................2, 65

Samsung Biologics ..................................................................................................................................................................................................................29

Steris .................................................................................................................................................................................................................................. 44–45

Stevanato Group ......................................................................................................................................................................................................................49

Syntegon Pharma Technology, Inc. .................................................................................................................................................................................15, 67

Veltek Associates, Inc ...............................................................................................................................................................................................................5

Vetter Pharma-Fertigung GmbH & Co. KG, ..........................................................................................................................................................................53

Waters Corporation.......................................................................................................................................................................................................... 58–59

Ad Index
COMPANY PAGE

Mixing/Blending/Drying

MANUFACTURING/PROCESSING EQUIPMENT

MARKETPLACE

SANITARY
RIBBON 

BLENDERS

1-800-243-ROSS
 www.ribbonblenders.com

Scan to learn more. 
Try our mobile app:
mixers.com/web-app
 

ask the expert — Contin. from page 66

https://www.mixers.com/web-app.asp
http://ribbonblenders.com
http://ribbonblenders.com


66    Pharmaceutical Technology APRIL 2021  PharmTech .com

ask the expert

LE
IG

H
 P

R
AT

H
E

R
 -

 S
TO

C
K

.A
D

O
B

E
.C

O
M

Q.What is a deviation and do all deviations need to be 

investigated?

A.A deviation is when there is a failure to follow the instruc-

tions guiding the performance of how an activity should be 

executed for optimal results. Simply put, deviations result from 

people not following their standard operating procedures (SOP), 

work instructions, batch record instructions, or other documents 

that explain what needs to be done in performing certain functions 

or tasks. Deviations relate to non-compliance and are a serious 

issue. While not all deviations are equal in their impact on product 

and quality, all should be investigated.

Q.What is a planned deviation?

A.In our opinion, there is no such thing as a planned deviation. 

Planned deviations were supposed to justify changes from 

SOPs that would be utilized to carry out the operation over a cer-

tain period of time. The current thinking by regulatory authorities 

is there is no such thing as a planned deviation. During a breakfast 

session at the 2018 PDA/FDA Joint Regulatory Conference, a rep-

resentative from the FDA stated, “it’s a very strange term, and it 

kind of makes your skin crawl a little bit” (1). If you need to make a 

change to a procedure for a short period of time, we suggest you 

use the change control system to document the change. This may 

seem like a picky point, but until the change is evaluated for its 

impact on the process validation requirements and formally docu-

mented in a change control, encouraging the deviation’s continued 

use is supporting a posture of non-compliance. 

Q.What’s the best process for investigating deviations?

A.There is no single best process for investigating deviations. 

The ultimate goal of deviation investigations is to determine 

why something went wrong, what caused it to go wrong, and 

how to address the issue and prevent its recurrence. To achieve 

successful resolution of deviations, keep the following general 

considerations in mind: 

• A one-size investigation doesn’t fit all situations. Simple 

errors require simple documentation while more serious 

deviations require broader investigations.

• The best tool to have is inquisitiveness. Ask yourself how far 

this deviation could extend.

• Widen your perspective. Look for ways to relate, not 

separate, similar issues.

• Human error is rarely a sufficient root cause.

• Always verify information or your instincts and never assume 

you are correct without proper data to support your instincts.

Q.Why is human error not an acceptable finding for deviations?

A.The overuse of human error as a root cause to a devi-

ation represents lost opportunities to reduce future 

issues by masking the identity of the true root cause. Herein 

is the human error in Human Error. The question that needs to 

be asked during the initial investigation into a deviation is what 

caused the employee to make the human error? Asking this 

question early in the investigation leads to better root cause 

identification and opportunities for continued improvement. 

Let’s look at an example that might help clarify why human 

error can mask the real root cause of a deviation. Suppose, 

for example, you have a second shift manufacturing operator 

who continually forgets to sign a step in the batch record for a 

specific product. This operator is the only one who seems to 

have this issue. Your initial investigation into the first occurrence 

of the issue determines a root cause of human error. Because 

the operator works on the second shift, it is inconvenient to 

interview him directly, so you rely on the word of his supervisor 

that this was just a case of human error. You decide to retrain 

the operator on the proper use of filling out the form and skip 

the operator interview in order to complete the investigation 

and perform the retraining in the allotted 30-day time frame. This 

scenario repeats itself 10 times over the course of four months. 

You finally decide to interview the operator directly. When you 

talk to the operator, he informs you that in order to sign the batch 

record when it needs to be signed, he needs to exit the aseptic 

core, degown, sign the batch record, and regown, leaving the 

product unattended during that time. The operator tells you he 

chose to stay with the product and sign the batch record later 

but sometimes forgot after the manufacturing run. In this simple 

exchange with the operator, you realize that the root cause of the 

repeat deviation is not a result of human error but a result of poor 

process flow.

Frequently Asked  
Questions on Deviations
Experts Steven J. Lynn, executive vice-president, Pharmaceuticals for Regulatory Compliance 
Associates, Inc., and Susan J. Schniepp, distinguished fellow for Regulatory Compliance Associates, 
Inc., provide simple answers to frequently asked questions regarding deviation investigations.

Contin. on page 65
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