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Abstract
The prevalence of counterfeit and substandard medicines has been growing rapidly over the
past decade, and fast, non-destructive techniques for their detection are urgently needed to
counter this trend. In this thesis, both energy-dispersive X-ray diffraction (EDXRD) and
pixelated diffraction (“PixD”) combined with chemometric methods were assessed for their
effectiveness in detecting poor-quality medicines within their packaging.
Firstly, a series of caffeine, paracetamol and cellulose mixtures of known concentrations were
pressed into tablets. EDXRD spectra of each tablet were collected both with and without
packaging. Principal component analysis (PCA) and partial least-squares regression (PLSR)
were used to study the data and construct calibration models for quantitative analysis. The
concentration prediction errors for the packaged data were found to be very similar to those
obtained in the unpackaged case, and were also on a par with reported values in the literature
using higher-resolution angular-dispersive X-ray diffraction (ADXRD).
Following this, soft independent modelling by class analogy (SIMCA) classification was used to
compare EDXRD spectra from a test set of over-the-counter (OTC) medicines containing
various combinations of active pharmaceutical ingredients (APIs) against PCA models
constructed using spectra collected for paracetamol and ibuprofen samples. The test samples
were selected to emulate different levels of difficulty in authenticating medicines correctly,
ranging from completely different APIs (easy) to those with a small quantity of additional API
(difficult). This classification study found that the sensitivity and specificity were optimal at
data acquisition times on the order of 75~150s, and regardless of whether layers of blister and
card packaging surrounded the tablet in question.
This experiment was repeated on a novel, compact system incorporating a pixellated detector,
which was found to reduce the required data acquisition times for optimal classification by a
factor of five.
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Chapter 1: Introduction & Background

1.1 Counterfeit and Substandard Medicines
1.1.1

Background and definitions

Counterfeiting is a vast and complex problem – it affects an incredibly wide range of products
that can be copied and sold for profit. Many are familiar with the counterfeiting of luxury
branded goods, DVDs and computer software, but are less familiar with the illicit trade in other
goods ranging from counterfeit lighters [1], toys [2], food (olive oil and basmati rice have been
counterfeited [3]), and even automotive and aeroplane parts [2]. Recently, the Organization for
Economic Cooperation and Development (OECD) estimated that the trade in counterfeit goods
worldwide was now worth half a trillion US dollars [4], and in 2011, The International Chamber
of Commerce (ICC) estimated that counterfeit products resulted in 3,000 deaths and costed
governments and consumers €14.5 billion a year within the G20 nations [5].
Medicines and medical devices have also been targeted by counterfeiters, which is particularly
alarming. The late Dora Akunyili, former head of Nigeria’s Food and Drug regulation agency
(NAFDAC) argued that:
“Drug counterfeiting quite frankly is one of the greatest atrocities of our time, it is mass murder,
it is a form of terrorism against public health as well as an act of economic sabotage. It violates
the right to life of innocent victims.” [6]
Organised crime groups are known to be capitalising on this trade, in what is thought to be a
shift away from the illicit drugs trade [7]. It has also been linked to the financing of terrorist
activities, along with the wider trade in counterfeit goods [8]. Several reports on the link
between counterfeit medicines and organised crime have been published in recent years [9,10],
and the UN Office on Drugs and Crime (UNODC) launched an anti-counterfeiting campaign
(dubbed “Don’t Buy Into Organized Crime”) in January 2014, which covers counterfeit
medicines [11]. Estimates of the size of the counterfeit medicines market range from US$ 70
billion to US$ 200 billion [12]; the World Economic Forum presented an estimate of US$ 200
billion in 2011 (compared to US$ 280 billion for the illicit trade in marijuana, cocaine, opium
and heroin combined) [13].
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India and China were found to be the source of counterfeit medicines in many cases [14,15], and
a report by the United Nations Interregional Crime and Justice Research Institute (UNICRI)
contained a section dedicated to “China and India as Exporters and Consumers of Counterfeit
Medicines” [9]. In a Royal United Services Institute for Defence and Security Studies (RUSI)
report, all the UK-based operations to combat counterfeit medicines cited China as the, or one
of the source(s) of counterfeit drugs [16]. Figure 1.1 illustrates the significant role that India and
China play, compared to other countries.

Figure 1.1 Map of trade routes of counterfeit medicines [17]

Counterfeit medicines can take several forms. They may have no active pharmaceutical
ingredient (API), the API in the incorrect dose (some in fact have too much API [18,19]), or
mixed with another API [17,20]. There are many instances where the wrong API is used, which
not only results in treatment failure, but adds the risk of potentially life-threatening allergic
reactions (such as in the cases of counterfeit Tamiflu containing penicillin [21], or antimalarials
containing sulphadoxine [22]). All the above may be manufactured with the incorrect
excipients*, once again raising the issue of allergic reactions; plus they may contain toxic
substances and other contaminants as a result of being manufactured in unsanitary conditions
[23]. Lastly, even those which contain the correct API in the correct dose – so-called
“professional” counterfeits, which pose less of a public health risk [20] – may dissolve at the
incorrect rate if formulated with the wrong excipients, thus increasing or decreasing the
bioavailability of the API and making them unsafe [14].

*

Excipients are the various ingredients in a pharmaceutical formulation (for example: fillers, binders,
colourings and flavourings) other than the API.
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However, there is currently no international consensus on a definition of “counterfeit
medicines”. Intellectual property (IP) issues have been blamed for disagreements over any
suggested definitions, due to mix-ups with generic medicines [24]. For example, in 2008 and
2009, Dutch customs officials seized generic HIV and cancer medicines in transit from India, as
they infringed European IP laws and were hence deemed to be counterfeit [14]. Confusion
abounds – in a recent research article the authors grouped counterfeit and generic versions of a
drug together, and attempted to distinguish these from the “genuine” (i.e. branded) drugs
using an analytical technique (Raman spectroscopy). They unsurprisingly found that the
generic and branded drugs were very similar and difficult to discriminate [25].
Another source of confusion is the different but related problem of substandard medicines.
These are “genuine medicines produced by manufacturers authorized by the national
medicines regulatory authority (NMRA) which do not meet quality specifications set for them
by national standards”, according to the World Health Organisation (WHO) in 2009 [26]. Thus,
these may contain contaminants or amounts of API that are outside the tolerance boundaries set
by the pharmacopoeia, for example. There have been various calls to further highlight the issue
of substandard medicines, which can be overshadowed by excessive focus on the counterfeit
kind [27–30]. Notably, a recent report on the findings of the artemisinin combination therapy
(ACT) consortium’s drug quality programme found that counterfeits were found in only two of
the six malaria-endemic countries studied (and constituted <8% of samples in these cases),
whereas substandard versions of these antimalarials were found in all six (6.0 - 37% of samples
collected in each) [30]. Medicines that contain no API, contain unapproved chemicals, or
chemicals that mimic the effects of the correct API, can be strongly indicative of deliberate
counterfeiting [15], as are medicines in fake packaging [31], but in general it is difficult to
determine the intention of the manufacturer with certainty [23,32], so many researchers do not
make the distinction with substandards [33]. Though the difference between the two may be
important when determining effective countermeasures [31], it is arguably not as important
when considering the impacts on patients’ health [27,34].
For the purposes of this thesis, the definition given above for substandard medicines, and the
following definition of counterfeit medicines (from the WHO in 2009) will be used:
“A counterfeit medicine is one which is deliberately and fraudulently mislabelled with respect to
identity and/or source. Counterfeiting can apply to both branded and generic products, and
counterfeit products may include products with the correct ingredients or with the wrong
ingredients, without active ingredients, with insufficient active ingredients or with fake
packaging” [26];
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although the issue of medicines (whether authentic or counterfeit) in fake packaging will not be
considered here. Note that the term “falsified” is nowadays preferred over “counterfeit”, and
since January 2016, the WHO favours the rather vague term “Substandard, Spurious, Falsely
labelled, Falsified and Counterfeit (SSFFC) medicines” as a temporary measure until an
agreement is reached on definitions [35]. “Counterfeit” is used in this thesis for simplicity and
due to the greater familiarity and wider usage of this term.

1.1.2

Prevalence

Counterfeit and substandard medicines are not a novel problem – awareness of the issue was
evident at a meeting arranged by the WHO in 1985 [36]. In 1988, a World Health Assembly
(WHA) resolution requested that the WHO “initiate programmes for the prevention and
detection of the export, import and smuggling of falsely labelled, spurious, counterfeited or
substandard pharmaceutical preparations”; in 1994, another resolution requested that it “assist
member states in their efforts aimed at combating counterfeit drugs” [37]. Yet, many cases have
been reported over the years, a very small selection of which are shown in Table 1.1, which
demonstrates the breadth of countries and drug type that have been and continue to be affected.
Year

Incident

Country

Ref

1995

Substandard kala-azar (visceral leishmaniasis) treatment results in
deaths

India

[38]

2001

20,000 counterfeit painkillers containing boric acid and lead paint
seized

Colombia

[2]

2003

130,000 counterfeit Panadol (paracetamol) tablets seized

China

[39]

USA

[40]

Myanmar
(Burma)

[41]

UK

[42]

China

[43]

China

[44]

Kenya

[45]

Pakistan

[46]

Nigeria

[47]

DRC

[48]

USA

[49]

2003
2005
2007
2008
2009
2011
2012
2013
2014
2016

FDA recalls 18 million counterfeit Lipitor (cholesterol-lowering)
tablets
Case study of death caused by counterfeit artesunate (antimalarial)
containing incorrect API
MHRA recalls counterfeit Zyprexa (antipsychotic), Plavix (heart
disease drug), and Casodex (prostrate cancer drug)
Counterfeit Viagra results in reports of one death and 11
hospitalisations
Counterfeit diabetes drugs containing excessive amount of
glibenclamide kills two patients
Counterfeit Zidolam-N (HIV/AIDS treatment) accidentally
distributed by Médecins Sans Frontières (MSF)
Contaminated heart medicine causes 120 deaths and hundreds of
adverse reactions
150,000 counterfeit Postinor-2 (emergency contraceptive) tablets
containing no API seized
Diazepam (anti-anxiety drug) containing wrong API haloperidol
(antipsychotic) found to be cause of hundreds of adverse reactions
Counterfeit painkiller Norco (paracetamol and hydrocodone)
containing other dangerous APIs results in several deaths

Table 1.1 Examples of cases involving counterfeit or substandard medicines
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Figure 1.2 Citation report for Web of Science search (TOPIC: (counterfeit OR fake OR falsified OR
substandard) AND (pharmaceutical OR medicine OR drug)), 1997-2017

Until recently, much of the literature on counterfeit medicines came from the grey literature and
the media [50,51]. However, as Figure 1.2 illustrates, there appears to be a clear rise in academic
research output in this area over the past decade. Accurately measuring the prevalence of
counterfeit and substandard medicines is nevertheless still a challenge, resulting in a limited
body of empirical research on the problem. This is in part due to the lack of differentiation
between the different types of poor-quality medicines. There are also logistical obstacles to
having truly randomised sampling for such studies, such as the lack of lists of vendors –
including unregulated markets – for the sampling frame, and the need for ‘mystery shoppers’ to
avoid bias from sellers [26], rendering such investigations prohibitively expensive for some [21].
Others have encountered difficulties in acquiring samples of genuine medicines from legitimate
manufacturers to be used as references [21,52]. A 2013 editorial in The Lancet commented on
this lack of rigorous research and robust data to give true estimates of the problem, and
mentioned that governments and pharmaceutical companies have been known to withhold
information on the matter [46].
To this end, in 2009 Newton et al. proposed a format for carrying out statistically valid field
surveys, including a checklist of guidelines on what to cover when reporting the information
(the Medicine Quality Assessment Reporting Guidelines (MEDQUARG)), in an attempt to
standardise the procedure [32]. The checklist has been used in a literature review to score study
methodology, but very few scored highly [33], and only 15.4% (6/39) of the publications logged
on the Worldwide Antimalarial Resistance Network (WWARN) Antimalarial Quality Surveyor
since the MEDQUARG publication stated that they followed the guidelines [53]. This indicates
that many researchers do not appear to have taken the recommendations on board, possibly
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due to a lack of awareness or because they were not able to due to certain constraints. Some
would argue that the quality of such information should not affect decision-making, as the
problem needs to be tackled regardless. However, better evidence of prevalence is hoped to
help mobilise governments to commit resources and take action [54].
In more economically developed countries, the main products targeted by counterfeiters tend to
be “lifestyle” medicines, such as erectile dysfunction or slimming pills [17]. These are
commonly sold by illegal online pharmacies, without the need for a prescription [55] – hence
attracting customers who may wish to hide the fact that they are purchasing such medications.
There are also those who turn to online pharmacies simply to try to save money, or because it is
more convenient [55,56]. Consumers may not know where they are really buying medicines
from – for example, many “Canadian” online pharmacies targeting patients in the USA are not
in fact based in Canada [57]. The rapid increase in the number of illegal online pharmacies in
recent years is a source of concern, and a 2009 survey of general practitioners in the UK found
that 25% had treated a patient who had suffered from an adverse effect from medication
purchased online [12].
Incidents of counterfeit and substandard medicines entering the legitimate supply chain tend to
be relatively uncommon due to strong regulatory frameworks in these countries. In the UK, the
Medicines and Healthcare Products Regulatory Agency (MHRA) detected 14 cases of
counterfeit medicines entering the supply chain between 2004-2011 (the last incident being in
2007), of which nine were only detected and recalled after reaching patients [58]. A review of
MHRA drug alerts between 2001-2011 found 182 incidents of substandard medicines (excluding
reports of packaging defects) in this period; this figure includes medical products such as
vaccines and inhalers. The USA has seen worrying cases of deaths caused by poor-quality drugs
over the past several years [59], and according to the Food and Drug Administration (FDA), the
top five brands associated with the ten highest-volume incidents of counterfeit or diverted
medicines were: Zyprexa (antipsychotic), Viagra (erectile dysfunction), Lipitor (statin), Zoloft
(antidepressant), and Risperdal (antipsychotic) [60].
In less economically developed countries, the prevalence of poor-quality medicines for malaria,
tuberculosis and HIV/AIDS are key areas of concern [17,51], although a large proportion of
studies focus on antimalarials only [29]. It is important to note that, in reality, all therapeutic
categories of medicine have been affected [29,61]. Medicines for neglected tropical diseases may
be particularly vulnerable [27] – for example, in 2012, a sample of a kala-azar treatments
collected in Bangladesh were found to contain no API [62,63], which is alarming considering the
history of deaths caused by poor-quality medication for this illness (see Table 1.1).
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There are a few studies that have made more reliable assessments of incidence levels using
random sampling. A study published in 2001 surveyed 27 drug types (including antimalarials
and antibiotics) collected in randomly selected registered pharmacies in Lagos and Abuja,
Nigeria, and found that 48% failed quality testing [18]. A 2009 study of antimalarials in southeastern Nigeria found that 37% contained no or insufficient API [64]. In 2005, 12.2% of various
antimalarials sampled in Tanzania were found to be of poor quality [65]; a 2010 study found
that 12.1% of artemisinin combination therapies (ACTs) – the current first-line defence against
malaria – in Tanzania failed quality tests [66]. A recent random-sampling study by Antignac et
al. found that 16.3% of cardiovascular drugs in sub-Saharan Africa were of poor quality [67].
In southeast Asia, a random survey of artesunate quality in Lao PDR in 2003 found that 88% of
outlets sold counterfeit versions of the drug, which either contained none of the correct API, or
sub-therapeutic amounts of other antimalarial APIs that had been withdrawn from the market
due to ineffectiveness [22]. A follow-up survey carried out in 2012 found that the proportion of
poor-quality antimalarials had decreased, but still stood at 25% [68]. Another survey of
antimalarial drug quality in Cambodia (from private health outlets only), carried out at the end
of 2010, found 31.3% to be substandard, but none were deemed to be counterfeit [69]. A random
survey of five different drug types (including antibiotics) collected in 2010 in Cambodia found
that 15% of samples had the incorrect quantity of API [70].
A review article focusing on prevalence studies – only 15 out of 44 which were deemed to be of
good methodological quality – found that the median prevalence of poor quality drugs in
Africa and Asia was 28.5%, and that the percentage of poor-quality medicines sold by
unlicensed outlets was significantly higher (50%) than for licenced outlets (24%) [33].

1.1.3

Impacts and contributing factors

The impacts of counterfeit and substandard medicines are wide-ranging, and include [31,71–
73]:


Increased morbidity (number of people with disease) and mortality (number of deaths),
as demonstrated by some of the cases in Table 1.1; for example, a recent study
estimated that 3.75% of under-five deaths in Sub-Saharan Africa were caused by poorquality antimalarials [74];



Adverse effects from incorrect APIs, toxic ingredients and other contaminants
(including pathogens [75]) introduced into medicines produced by illegal
manufacturers – or by licenced manufacturers which fail to meet GMP standards;
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Drug resistance caused by medicines containing sub-therapeutic amounts of API (more
likely in substandard than counterfeit medicines [23]), potentially rendering first-line
defences against diseases ineffective; concerns were raised in a letter to The Lancet back
in 1995 [76], and repeated in more recent years by various parties [26,77–81];



Loss of confidence by patients and healthcare workers in healthcare systems and drug
manufacturers if high rates of poor-quality medicines are present;



Economic impact on patients who waste money on ineffective drugs, and on costs of
continued treatment, transport, hospital stays, and lost earnings;



Economic impact on healthcare systems dealing with patients taking such medicines;



Lost income (in the case of counterfeits) and brand damage for manufacturers of the
genuine product

The literature suggests several factors that have promoted the growth in the trade of counterfeit
medicines, including [17,82]:


Profit – there is always a high demand for medicines, and large profits can be made;
according to Pfizer, it is more profitable to produce and sell 1kg of counterfeit Viagra
than 1kg of heroin [9]; the high cost of genuine drugs has been suggested as being the
main reason that consumers are compelled to seek cheaper drugs [17,83]; although it
may equally be due to demand exceeding supply [23];



Complex supply chains – supply chains are far more complex in developing countries
compared to developed countries, and the use of wholesalers facilitates the
introduction of counterfeits into legitimate distribution routes [26,84]; medicines are
particularly vulnerable as they are small and light, hence easy to transport [85];



The Internet – a useful distribution channel that is very hard to police; online
pharmacies use marketing tactics to lure in customers effectively [86];



Technological advances – make it easier to imitate packaging and ingredients in
counterfeits; for example, a hologram used on an antimalarial product was
counterfeited in 14 different ways over nine years, with each iteration becoming
increasingly sophisticated [87].



Inadequate disincentives – penalties are less severe than for the illicit drugs trade, and
when the counterfeiters’ money is not seized, they can re-start their counterfeiting
operation [12]; countries that do have harsher penalties also need to support
enforcement efforts;
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Corruption – of customs officials, regulatory authorities, and manufacturers [88]; some
of the latter work a “third shift” to use equipment to produce knock-off versions of
their products to sell on [14,15];

In addition to the above, factors that have facilitated the proliferation of substandard as well as
counterfeit medicines include:


Weak regulation and enforcement – NMRAs in countries that lack infrastructure
struggle to carry out spot checks on pharmacies and on products, ensure that supply
chains are secure, and ensure that healthcare providers procure medicines from trusted
sources; US FDA and European authorities have been criticized for infrequent
inspections of drug manufacturers in China [89]; in India, medicines regulation is down
to local authorities in each of 35 states, which has resulted in uneven standards and is
accused of being ineffective [14]; in Africa, the majority of countries’ NMRAs lack
resources and are not legally mandated to perform critical regulatory functions [90];



Lack of awareness – amongst the public (for example, a survey in Laos found that 80–
96% of consumers were not aware of poor-quality drugs [91]), but also health officials,
policy-makers, doctors, pharmacists, and other stakeholders, meaning poor-quality
medicines may not be considered to be the reason for treatment failure [26];



Lack of will and reputational repercussions – pharmaceutical companies may not act
due to fears of damaging their reputation, and governments may wish to avoid causing
panic [92]; the USA and EU were first (in 2011-2012) to legally require the
pharmaceutical industry to inform their relevant NMRA of drug counterfeiting
incidents [93];

1.2 Countermeasures
1.2.1

Social countermeasures

In this section, current and proposed social countermeasures for preventing the scourge of
counterfeit and substandard medicines will be discussed (drawn from various sources
[30,31,73,82,94,95]).
1.2.1.1

Regulation and inspection

Regulation is hugely important for the medicines supply chain, because as Newton et al.
remarked: “there is little point in determining the most efficacious drugs if the quality of the
drug supply is not monitored and maintained” [31]. In the UK, the MHRA works with the
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Royal Pharmaceutical Society of Great Britain (RPSGB) to carry out targeted spot checks of
medicines in the UK market [96]. Yet there are still countries which lack – or lacked until
recently – a functioning NMRA. For example in Pakistan, the NMRA was only re-established in
2012 after two years of unregulated pharmaceutical industry activity was held partly
responsible for numerous deaths that year (see Table 1.1); although commentators had doubts
about the effectiveness of this newly-established agency due to a lack of funds [97]. Similarly,
the WHO’s Regional Committee for Africa stated that between 2005 and 2015, the percentage of
member states with NMRAs increased from 87% to 96%, where the majority were unable to
function effectively due to a lack of resources – but aimed to have a functional NMRA in all
member states by 2025 [90].
Regulatory implementation by NMRAs should include the proper registration of drugs,
licensing of pharmacies, monitoring of the supply chain, investigation of any issues and
possibly prosecution. It is also vital to remove drugs that are no longer effective from the
market, such as older-generation antimalarials [31]. A recent literature review found that drug
registration and WHO-prequalification* appear to be effective countermeasures, but “licensing
of drug outlets alone appeared to be ineffective in reducing the prevalence of counterfeit and
substandard drugs”, possibly due to a lack of inspections [98].
Enforcing good manufacturing practice (GMP) amongst manufacturers is also key to
eradicating poor-quality medicines. The United States Agency for International Development
(USAID) and the US Pharmacopeial Convention (USP) have run a joint initiative to improve
quality assurance (QA) and quality control (QC) systems in over 35 developing countries since
1992 – re-launched in 2009 as “Promoting the Quality of Medicines (PQM)” [99]. A review of
four pre- and post-intervention studies for PQM found that there was a significant increase in
the quality of medicines in all cases [98]. Countries that are not involved in such schemes could
possibly raise some funds required for effective regulation by increasing the costs of drug
registration, which are currently very low in developing countries [73] – alternatively, the
“twinning” of NMRAs between developing and developed countries to provide financial
assistance has been suggested [31].
The accreditation of online pharmacies is also important to assist consumers in choosing safe
sources of medications. The Verified Internet Pharmacy Practice Site (VIPPS) accreditation logo
is used in the USA and Canada [100] to verify if a site is genuine; a similar system using the

A WHO service that assesses the quality, safety and efficacy of medicinal products, used by international
procurement agencies to guide medicines purchasing decisions.
*
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“EU common logo” exists in EU member states [101]. Awareness-raising, discussed below, is
also necessary for such measures to be effective. Some NMRAs have staff members who
monitor and take down fake online pharmacies, freezing their assets where possible*.
1.2.1.2

Legislation and enforcement

A common argument in the literature is the need for legislation to clearly identify counterfeiting
as a crime. This can admittedly be problematic due to the multinational scope – the Council of
Europe’s “Convention on counterfeiting of medical products and similar crimes involving threats to
public health”, otherwise known as the MEDICRIME Convention, is the first attempt to set up a
legal framework that facilitates international cooperation on this matter [102]. However, its
wording has faced criticism [103,104] and it has currently only been ratified by 11 countries, so
more work is needed to discuss and raise awareness [105]. Legislation against substandard
medicines could also be considered, as although the issue can be addressed by good regulation,
the repeated accidental production of poor-quality drugs may be deemed to be irresponsible
enough to be treated as a criminal act, as the consequences to the consumer are equally serious
as for counterfeits [15,27]. One practitioner has produced a “Model Law on Medicine Crime”,
available for use free of charge by any governments wishing to implement it, which covers both
counterfeit and substandard medicines as well as special provisions for Internet sales [106].
Penalties for counterfeiting should arguably be as severe as for illicit drugs production and
distribution, with police and customs authorities required to treat cases with the same gravity
[31]. In the UK, there is a maximum sentence of 8 years for introducing counterfeit medicines
into the supply chain†. Another source stated that sentences are normally two years in the UK,
but it can be easier to deter criminals by confiscating all their assets (the MHRA have the power
to do this); prosecuting criminals on the grounds of trademark offences can result in longer, 10to 14-year sentences, and pharmaceutical companies are often willing to cooperate to achieve
this ‡. The Chinese government has also amended its laws to strengthen penalties for
counterfeiting medicines, which can now be a maximum of life imprisonment or even the death
penalty [26].
Legislation is in itself not sufficient to deter counterfeiters, as enforcement is also essential. One
important actor in this regard is Interpol, which leads a number of operations to tackle
pharmaceutical crime, focusing on various different areas of the world (e.g. Operation Storm in

Presented at the MHRA’s “Law Enforcement Officers Open Day”, 2014.
Presented by Michael Deats (WHO) at the Joint Pharmaceutical Analysis Group’s “Combating
Counterfeit Medicines” symposium, 2014.
‡ Presented by Gift Minta (MHRA) at UCL Security and Crime Science Seminar, 2013.
*

†
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southeast Asia, and Operation Giboia in southern Africa) or the Internet (Operation Pangea)
[107]. Most large pharmaceutical companies have in-house security departments which work
with local and international law enforcement agencies to collect the information required for
prosecution [26]. But enforcement can be problematic, particularly as it involves a large range of
“disparate agencies with limited budgets and competing priorities” [26]. Resources for
enforcement purposes may be limited even in more economically developed countries, due to a
lack of political will to act on this matter [108].
1.2.1.3

Surveillance

The WHO operates a Global Surveillance and Monitoring System for SSFFC medical products,
which was launched in 2013. Regulatory personnel in 113 member states have received training
(as of early 2016) on how to report suspected products, with more training planned in the future.
The WHO guarantees a response within 72 hours (24 hours in an emergency, i.e. if adverse
events or deaths have been reported), where they request further information and may provide
technical assistance to the relevant NMRA in order to confirm the report. They may then take
action such as issuing a medical product Rapid Alert in instances where there is a significant
threat posed, or other member states may be affected. The data collected is also collated and
analysed to generate statistics that may support evidence-based policy-making for the
prevention, detection and response to such medicines [109].
On the other hand, the Pharmaceutical Security Institute (PSI) logs cases of counterfeit (not
substandard) medicines – presumably only those reported by its members from the
pharmaceutical industry – in its Counterfeit Incident System. This data is aggregated to provide
snapshots of the counterfeit situation, but there are numerous criticisms of the current state in
which this is run: notably, the detailed data is proprietary to PSI members; there are
inconsistencies in the information provided for each incident; and a disproportionate number of
incidents are logged by countries that have better regulatory systems, giving a skewed view of
the problem, which is not as helpful to policy-makers [110].
In the UK, the MHRA has had an anti-counterfeiting strategy, now called the “Falsified Medical
Products Strategy”, since 2007, which it launched in conjunction with a 24-hour hotline
specifically for reporting counterfeit medicines [111]. This runs alongside the Yellow Card
Scheme – an online form for reporting counterfeit medicines, “defective” (poor-quality)
medicines, adverse incidents or unexpected side effects. Both these reporting mechanisms are
open to use by members of the public as well as healthcare professionals, unlike the
aforementioned two surveillance mechanisms.
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1.2.1.4

Awareness-raising

Raising awareness of the risks posed by poor-quality medicines is important for all stakeholders.
Patients in particular need this information in order to make informed decisions about
medicines purchases. In 2006, researchers found evidence that TV and radio campaigns about
the dangers of counterfeit medicines were effective in changing purchasing behaviours, to
avoid illicit drug markets, amongst the general public in Benin [98]. In Cambodia, where many
counterfeit antimalarials have imitation holograms on their packaging, an awareness-raising
campaign involving radio, TV and poster warnings (see Figure 1.3 (left)) was reportedly
beneficial [31]. Even where effective regulation may not be possible, awareness-raising could
help protect consumers [112], although it does have its limitations, such as literacy rates of the
population, and the inability to spread the message to remote areas [108]. It is also important to
ensure that any campaigns do not go so far as to make patients fear all medicines [26].
Targeting consumers susceptible to purchase from fake online pharmacies is also important. In
2009, the MHRA, RPSGB, Pfizer, The Patients’ Association and Heart UK ran a short clip shown
on TV and in cinemas as part of its “Get Real, Get a Prescription” campaign, warning against
purchasing prescription-only medicines online [113]. The European Alliance for Access to Safe
Medicines (EAASM) also targeted online shoppers by running a seemingly genuine online
pharmacy, and using common advertising tactics to direct traffic to their site. Once there,
customers who attempted to purchase medicines were instead presented with safety messages
and links to legitimate pharmacy sites. The site received 182,000 unique visitors in the twomonth campaign period [114].
Informing medical professionals is also key, as they may not suspect poor-quality medicines in
cases of treatment failure in patients. An advice leaflet issued by the RPSGB in 2009 contains
“Guidance for Pharmacists and Dispensing Doctors” on the matter, including when to suspect
that a medicine is counterfeit, and how to contact the MHRA if so [96]. In 2014, the US FDA
started a campaign dubbed “Know Your Source”, consisting of a series of leaflets such as the
one shown in Figure 1.3, encouraging healthcare professionals to check the credentials of
wholesalers and raising awareness of poor-quality products. In addition, there have been
instances where wholesalers were conned into buying counterfeit medicines unintentionally,
attracted by the lower prices offered by the seller [9] – so raising awareness in these sectors is
also required.
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Figure 1.3 (L) Awareness-raising campaign poster, Cambodia [31]; (R) FDA campaign, USA [115]

1.2.1.5

Cooperation and exchange of information

Cooperation at national and international levels is important due to the trans-national nature of
both the legitimate and illegitimate medical supply chains. Figure 1.4 illustrates how a recent
forensic analysis of counterfeit versions of a certain product, from multiple seizures, pointed to
the involvement of numerous countries spanning several continents. Such information could
lead to better intelligence-led interventions [116], but would require collaboration and
information-sharing between multiple actors such as: NMRAs, police forces, customs officials,
the judiciary, pharmaceutical manufacturers, distributors, and healthcare professionals.

Figure 1.4 Proposed scheme of where counterfeit samples were produced and distributed [116]

This is not straightforward – a case in point being the International Medical Products AntiCounterfeiting Taskforce (IMPACT), established by the WHO in 2006 and endorsed by
representatives from 57 NMRAs, and twelve international associations of patients, healthcare
professionals, pharmaceutical manufacturers and wholesalers [117]. This initiative suffered
from suspicions by generics manufacturers, NGOs and various governments due to the possible
conflation with IP issues [118,119], and although IMPACT has attempted to rebut such concerns
[117], the WHO eventually detached itself from IMPACT in 2010 [120]. As previously touched
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on in section 1.1.1, this disagreement surrounding the definition of counterfeit medicines is an
issue that needs to be addressed urgently for progress to be made [89,120].
Nevertheless, there are examples of successful collaborations, such as the operation detailed in
Newton et al.’s 2008 paper, where police officers, criminal analysts, chemists, palynologists (to
study pollen grain contaminants) and healthcare professionals, as well as Interpol and the
Western Pacific WHO Regional Office worked together to provide the evidence required for the
Chinese authorities to dismantle a counterfeiting operation [121]. In Nigeria, the NAFDAC has
taken a proactive approach to tackling importation of counterfeit and substandard medicines by
working directly with the Chinese and Indian governments since 2009, and this has led to
convictions of counterfeiters in both China and India [108]. There is also the PQM program (see
section 1.2.1.1), which requires the ongoing cooperation between NMRAs, healthcare
professionals and governments [98].
Interpol’s Operation Pangea is a huge international collective effort targeting illegal online
pharmacies specifically, and has run for an annual “week of action” since 2008. The number of
participating countries has grown from 10 to 115 in 2015, and NMRAs, customs officials, police
forces, pharmaceutical companies, postal services, internet service providers (ISPs), domain
names registrars, and payment providers (PayPal, MasterCard, and Visa), have all joined forces
to take down thousands of websites each year, seizing millions of counterfeit and illicit
medicines, and arresting hundreds of perpetrators [107].
1.2.1.6

Improving access to affordable medicines

Some practitioners have argued that measures must be taken to reduce the cost of medicines,
thereby decreasing the likelihood that sellers and consumers will look to purchase cheaper
versions from unregulated sources, thereby exposing themselves to counterfeit or substandard
medicines [31,122,123]. Governments may be able to intervene by reducing taxes, and
encouraging domestic manufacturing and distribution of good-quality, affordable generics
where possible [33].
However, others have noted that cheap medicines are still targeted by counterfeiters – possibly
due to economies of scale, but also because counterfeiters will always be able to bypass
additional production costs incurred by those running a legitimate operation (R&D, employee,
and licencing costs) [7,23,24]. There is also evidence to suggest that consumers perceive free or
cheap generic medicines distributed by public health authorities as being of poorer quality than
more expensive branded goods that they can buy elsewhere, which would undermine efforts to
reduce drug costs [124].
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1.2.2

Technological countermeasures

The countermeasures described above are predominantly societal initiatives recommended to
or implemented by governments and international organisations. In addition to these measures,
there are many technological solutions that are being or have the potential to be applied to
tackle the problem. These can be divided into three broad areas: product protection
technologies, track-and-trace technologies, and analytical techniques; the former two focus on
tackling counterfeit medicines, whereas the latter provides opportunities to detect all types of
poor-quality pharmaceuticals.
1.2.2.1

Product protection technologies

Due to the increase in incidence of counterfeit medicines, the WHO recommended in 2002 that
“the design of the packaging must therefore contribute to preventing tampering with, or the
counterfeiting of, certain medicinal products” [125]. There exists a wide range of product
protection technologies on the market, commonly divided into: overt features (those which are
visible to anyone); covert features (necessitating a simple instrument to detect); and forensic
features (highly secretive with details divulged on “need to know” basis only) [126].
Overt features include tamper-evident packaging, which is mandated by the US FDA for overthe-counter (OTC) medicines since 1983 (Federal Regulation 211.132) [127], and by the EU as of
2016 (Commission Delegated Regulation 2016/161) [128]. However, tamper-evident methods
have been shown to be easily defeated [129,130], so their usefulness is debatable. Another
widely-used feature is the hologram, but this has had its effectiveness reduced over time due to
their manufacturing equipment being widely available, making counterfeit versions
widespread [131].
Another overt technique is the use of scratch-off codes on medicines packaging (such as on the
blister pack), which is then sent by SMS for verification. There are various providers of this
technology, and it is popular in India and several African countries [17]. An advantage is that
public health authorities can be alerted to any incidents of counterfeit medicines in the supply
chain when a code fails. Concerns with this approach are that its effectiveness relies on
consumers owning mobile phones and having connectivity, and that it inherently relies on the
end user to carry out the verification. Moreover, because this is a “one-use” feature, it cannot be
used for verification by middle men in the supply chain [108].
Covert methods that are widely used include invisible inks that fluoresce under UV light. Each
one can be designed to emit a particular range of wavelengths, and so can be used in
combination to create UV-visible images which are difficult to replicate [131]. A related but less
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widespread method is the use of infrared “upconverting” phosphor inks, which can convert
light from cheap infrared lasers to visible light for authentication purposes [132,133].
So-called “forensic” features include biological, chemical and physical taggants. Biological
taggants normally involve the use of DNA fragments of a specific sequence that are
incorporated into a label or security ink on the packaging, and are detected by the addition of
the complementary DNA strand with a fluorescent probe that only activates when there is a
match. This technique is cheap, durable, and can be screened in the field, but does require strict
secrecy and specific equipment which may not be available to practitioners [126,133,134].
Chemical taggants include pH-sensitive materials, or other chemicals that require more
sophisticated equipment than covert methods for authentication; physical taggants may be
specially designed particles of different colour combinations that are only visible with the use of
a microscope, for example [126].
One of the main disadvantages of all product protection technologies is the set-up and running
costs involved in introducing an extra step in the manufacturing process [135]. Many also have
the potential to be easily replicated and disseminated by counterfeiters, so features need to be
changed regularly (on the order of every 12-18 months, according to one source [136]) because
there is no way of knowing with certainty if and when a certain product protection feature has
been defeated [137]. In addition, the implementation of such features requires constant
awareness of what to look for amongst all those implicated in the supply chain, which may be
unrealistic [134,136]. Also, it is important to note that authenticating the packaging is not the
same as authenticating the medicine itself [108]. Moreover, all the above techniques become
redundant if a product is repackaged (legally) at any stage in the supply chain [136,137] –
indeed, this creates the additional problem that discarded genuine packaging may be sold on to
counterfeiters [9,137,138].
1.2.2.2

Track-and-trace

The purpose of track-and-trace is to enable a user to determine the current and past movements
of a certain product – at any point in a distribution chain – based on a unique product identifier.
The application to medicines authentication within the pharmaceutical supply chain has been
discussed for many years, as it is thought that “a mandatory track-and-trace system for drugs is
the best way to monitor the chain of custody and protect patients from unsafe drugs” [26]. But
it has proven difficult for agreements to be reached between NMRAs in terms of which
technology to use, and how best to implement it [59]. The current two main competing
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technologies for this application are radio-frequency identification (RFID) tags and 2-D matrix
barcodes [139].
The main drawback of RFID technology comes down to its cost, but even if it were to become
more affordable, it is unclear whether it would be practical to implement in the less
economically developed countries that are most affected by poor-quality drugs [26]. One
researcher noted that although the cost per RFID tag has decreased over the years, the added
cost of computer systems and readers is often overlooked, and can be significant in comparison
to the cost of living in such countries [108]. RFID was ultimately not chosen in the EU; possibly
due to responses to a consultation, where stakeholders stated that RFID would not be more
effective at securing the supply chain than 2-D matrix barcodes, and that its costs (estimated to
be five times greater) could therefore not be justified [140]. IMPACT had already stated in their
2008 brochure that their “consensus is that full implementation of RFID can only be envisaged
in a distant future; as a consequence, the most realistic alternative to enable tracking and tracing
medical products along the supply chain is the use of two-dimensional bar codes” [94].
Thus, the European Commission published a delegated act on 9 th February 2016 containing
details of a point-of-dispensing verification system (as opposed to full track-and-trace) using 2D matrix barcodes that is to be implemented by all manufacturers within the EU by 9 th February
2019 [128]. The system is due to function as depicted in Figure 1.5 (L), with barcodes uploaded
to a database by the manufacturer, verification taking place prior to being handed to the patient,
and with all other verification by intermediaries being on a voluntary basis.

Figure 1.5 (left) Track-and-trace system to be rolled out within the EU [140]; (right) national variations
in barcodes used for serialisation [141]

Similar systems using 2-D barcodes have been implemented in Brazil in 2009, and in Turkey in
2011 [26]. The USA passed a pharmaceutical track-and-trace bill in 2013, which was due to take
effect in 2017 [141] but has since been postponed [142]. China and India were also in the process
of rolling out track-and-trace type systems, but timings appear to be uncertain [14,143]. In
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addition to this, different countries have adopted different types of serialisation methods [141]
(see Figure 1.5 (R)) which may add to the confusion where supply chains cross over.
1.2.2.3

Analytical Methods

As mentioned above, counterfeiters tend to be adept at altering their products in order to
overcome countermeasures used by manufacturers. This process of continual move and
countermove can be thought of as an “arms race” where those striving to fight the offenders
need to be dynamic in their response [108,144]. Some counterfeiters have honed their
production methods to make their products pass visual inspection, right down to the pill or
capsule level (for example, see Figure 1.6), so there is a growing requirement for chemical
analyses to test their composition for the purposes of authentication [9,31,56,130,145–148].
Presumably, even in cases where the packaging or pills have not been perfectly copied, scouring
them visually to find errors may be more time-consuming than the use of a rapid analytical
method. Chemical analysis methods have the added advantage that they may also be capable of
detecting substandard medicines.

Figure 1.6 Can you tell which are counterfeit? (Answer – the right-hand column) [149]

Analytical methods range from simple chemico-physical tests to more sophisticated techniques;
some of which are likely to be useable in the field, and others which require more high-tech
laboratories. The choice of technology will depend on a range of factors, such as the cost,
scalability, training required, regulatory implications and specific country needs – so there will
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be no one universally applicable technology [94,148]. Timing and throughput is important for
fieldwork, or in cases where large quantities of suspect medicines are seized, so there is a
demand for fast methods that require minimal sample preparation [87]. Compromises may
need to be made however between the amount of information required for decision-making, the
speed of analysis, and the resources available [56,148].
Unfortunately, there is a lack of evaluation studies for both non- and technological
countermeasures, meaning there is a very little evidence to support any interventions currently
being employed or considered [21,23,72,98]. Cost-benefit analyses are also noticeably lacking. It
is therefore difficult to compare detection capabilities of the various analytical techniques, as
there are very few critical comparisons between technologies in peer-reviewed journals, and
most journal articles describe tests carried out on different sample sets of medicines, prepared
differently, and with different data analysis methods. Regardless, it is thought that “an
understanding of the technological landscape, the range and gaps in available technologies, and
the likely improvements in the near future is essential” for discussing the use of technologies in
the developing world for counterfeit and substandard medicines detection [26]. Improving
access to such analytical chemistry facilities and training will be important for creating a
sustainable solution [21].
Note that the remainder of this section does not constitute an exhaustive list of analytical
technologies for this application, as there are myriad options, but the most commonly
considered techniques are covered here.
1.2.2.3.1

Bulk property methods

Measuring properties such as the weight, density, refractive index and pH of medicines, and
comparing these to genuine samples, is possible with cheap, simple and rugged devices [31,145].
Refractometry, for example, has been shown to be fast and field-adaptable as a method, and has
been trialled for assessing antimalarial quality [150]. Measurement of the colour of tablets
and/or packaging using colorimetry – looking at the reflectance visible spectra in this case –
could also be useful, as it is more objective than making a judgment by eye. However, a study
found that genuine packaging for certain products varied in colour between batches, making it
difficult for comparisons to be made [151]. These methods tend to lack specificity and do not
give much information [17].
Dissolution testing is often overlooked as a bulk property method, but is an important means to
assess medicines quality [31], as it is affected by various aspects such as particle sizes and
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manufacturing methods [56]. The downsides are that it is destructive, time-consuming, and has
been known to have problems with inconsistencies depending on operating procedures [152].
1.2.2.3.2

Colorimetric analysis

Colorimetric methods also include the use of a reagent that reacts with the compound of
interest to produce a coloured substance, which is then analysed via its absorption (or
transmission) spectrum. A well-known example in the case of medicines quality testing is the
use of Fast Red TR (FRTR) dye, which will turn yellow when added to a solution made up from
artesunate tablets (an antimalarial) if the correct API is present [31]. Quantitative measurements
may then be made as a function of absorbance, based on a prior calibration.
Advantages include the fact that the method is simple to use without much training, is cheap,
uses non-flammable, non-toxic solvents, and is field-adaptable [31,148,153]. It does however
require a small amount of the tablet to be dissolved, so is a destructive method [148], and takes
10mins to carry out [154]. The reagents may also be difficult to source in certain locations [155].
Counterfeiters have also been known to specifically add other APIs or impurities to their
products which contain the same functional groups that react with the FRTR dye in order to
pass the test [87,153]. Although the FRTR dye test has been used successfully in the past in
countries such as Laos and Ghana, in recent years, the method has become somewhat obsolete,
due to the replacement of the old antimalarial therapies with ACTs [155].
1.2.2.3.3

Counterfeit Detection Device 3 (CD-3)

The CD-3 device was developed by the US FDA, and functions by imaging a sample (pill or
packaging) whilst illuminating it with a selection of light-emitting diodes (LEDs) covering the
UV to IR range. This is then visually compared to an image taken for an authentic sample,
which may be stored in a library [155,156]. It is hand-held, battery-operated, relatively cheap
(around US$ 1000), easy to use with very little training, and can scan through blister packaging
[155–158]. It is thus suitable for use in a variety of places including borders and international
mail centres, as well as remote parts of the world [157].
An evaluation study found that it had a sensitivity (true positive rate, i.e. the proportion
flagged as authentic out of the total number of authentics) of 100% and specificity (true negative
rate) of 98.4% when tested on 203 samples of counterfeit and genuine antimalarials collected in
Laos [156]. A more recent evaluation of the device, tested on 84 samples of antimalarials
collected in Ghana, resulted in a sensitivity of 100% and specificity of 64% [159]. It therefore
appears to have a tendency to incorrectly categorise genuine products as substandard or
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counterfeit. It also suffers from user-dependent results, due to the decision-making being based
on visual comparisons with a library image [159].
1.2.2.3.4

Microfluidics chip

A microfluidics chip contains small channels where liquids on the micro-litre scale are injected
and mixed in a controlled manner, and then can be imaged or tested for fluorescence depending
on the application [26]. Such “lab-on-a-chip” methods have been widely hailed as having the
potential to be used in medical diagnostic tests in challenging settings [160]. The technology has
also recently been developed into a device called PharmaCheck to test for counterfeit and
substandard medicines; different “probes” for testing a few types of antibiotic and antimalarial
have been made so far [161]. It is expected to be light, small (shoebox-sized), battery- or solarpowered, cheap, and easy to use [26,162].
A downside is that it requires dissolution of the sample, and the solution used needs to be made
up freshly daily to avoid variations. Furthermore, the fluorescent probe used for quantitative
analysis needs to be specific to the drug type being tested, so the technique is not applicable to a
wide range of medicines [162].
1.2.2.3.5

Chromatography

There are numerous chromatographic methods, which separate out mixtures by passing a
“mobile” phase (a gas or liquid containing the mixture of interest) through a “stationary” phase,
the latter affecting the speed at which the different components in the former travel. All are
destructive forms of analysis, as they require the dissolution of the medicine being tested. A
review by Deconinck et al. covers many sub-types of chromatography for this application in
more depth [163]; here we will focus on those that are most prominent in the literature.
A. High performance liquid chromatography (HPLC)
HPLC is the widely accepted “gold standard” technique for drug quality analysis, and is used
for monographs in pharmacopoeias. It can be combined with UV-vis spectroscopy or mass
spectrometry to further confirm the identity of substances [26]. The instrumentation requires a
laboratory with trained chemists for its use, and is large, expensive, needs an electricity supply,
and consumables (solvents and reagents) [23,26,153]. Analysis times are slow [21,31], and the
results provide information on quantities of APIs and impurities, but not excipients [148]. Even
where HPLC facilities have been set up in certain countries for the purpose of medicines quality
testing, there have been reports of difficulties obtaining the necessary solvents – for example, in
South America, where restrictions are placed on sales of certain chemicals to stifle the illicit
drug trade [87]. A simplified and rugged HPLC setup, utilising readily-available chemicals, is
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currently under development, and looks promising for use as one level below this “gold
standard” [164].
B. Thin-layer chromatography (TLC)
TLC is a simple form of chromatography, normally requiring a small, microscope-slide sized
glass plate coated in an adsorbent material (the stationary phase), onto which the test liquid is
applied before immersing one end into the mobile phase, which travels up through the plate.
The method is fairly quick, does not require as much training as for more complex
chromatographic methods [21,31,148], and is good for field use in resource-poor settings, as
most solvents are cheap and widely available [26]. However, the fact that consumables are
required can be a downside – and they can be toxic and flammable [31]. Also, only grossly
substandard or counterfeit medicines (with very low proportion of, or no API, or with the
wrong API) are detected [21]. It also appears that reproducibility of results is a problem when
users of different levels of expertise use this method [153]. A recent study overcame some issues
with user variability by utilising a mobile phone camera positioned on a custom-made box that
contained the TLC plate under a UV light source. The smartphone could then be used for
analysis by image processing, thus identifying the differences between samples with different
APIs [165].
1.2.2.3.6

Combined methods

A. The Global Pharma Health Fund (GPHF) Minilab
The Minilab is a portable toolkit containing all the labware, reagents, and standards for
comparison required for a technician to conduct simple disintegration testing, TLC, and
colorimetry on suspect medicines. It is relatively cheap, only requires access to running water
for its use, and the reagents are non-hazardous and widely available. It does require some
training to use, but it has proven to be very popular, with 500 Minilabs in 80 countries
reportedly in use [26].
Worryingly, a WHO survey of antimalarial quality found that the Minilab disintegration test
“failed to identify 85.0% of samples proven to be non-compliant with specifications”; and the
TLC test also failed to identify 58.5% of such samples [154]. Similarly, a study of antimalarials
collected in Afghanistan compared Minilab test results to those from a bioanalytical laboratory,
and found discrepancies in disintegration tests [166]. A comparison of Minilab TLC results from
substandard antibiotics compared to HPLC also concluded that there was a huge
underestimation of the number of substandard drugs using TLC [167]. These studies suggested
that although the Minilab has its uses in resource-poor settings, it was important to note its
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limitations, as it only seemed able to detect grossly substandard medicines [154,166,167]. The
Tanzanian Food and Drugs Authority, which piloted the Minilab, had raised this issue in the
past [23], but others still see this as a first line of defence, and results have been quoted in
various publications on drug quality [168,169]. However, a recent evaluation study found it to
identify counterfeit and substandard drugs with 100% sensitivity and specificity [159].
B. Paper test cards
An alternative simple field method is the paper test card: a combination of TLC and colorimetry.
These are destructive methods, requiring pills to be dissolved or crushed, but are simple to use,
and very cheap. Ioset and Kaur produced a paper test for artemisinin derivatives (ARTs), an
antimalarial, which could detect these with high specificity (true negative rate), as it did not
react with other types of antimalarial, nor antiretroviral drugs, antibiotics, and other common
drugs. However, it took 40 minutes to develop the cards, and required the use of reagents [170].
Another test card prototype for artesunate (another antimalarial) used small circular filter
papers pre-treated with various reagents. As for the previous case, pills needed to be dissolved
then pipetted onto the pads, but the colour change only took five minutes to develop [171].

Figure 1.7 To use a PAD: apply crushed tablet and stand card upright in water for 3 minutes [172]

The Paper Analytical Device (PAD) for antimalarials, antibiotics and tuberculosis medicines, on
the other hand, does not require any other kit. Tablets are rubbed across the card directly,
which is dipped into water that travels up lanes containing different reagents that create colour
changes; the analysis time takes less than 10 minutes (see Figure 1.7). The resulting “colour bar
codes” are then compared to a digital library of standards created with authentic medicines,
and images can be uploaded via mobile phones and stored on a database with a QR code
identifier (printed onto each PAD). The technique is sensitive to different excipients, however,
so different brands may produce very distinct results, which need to be included in the
database for comparisons. It is also important to note that this method is only useful for very
poor quality medicines [172,173].
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1.2.2.3.7

Capillary electrophoresis (CE)

CE requires a small amount of sample to be dissolved in a specific solvent, and its component
ions are then separated by applying a voltage across a capillary containing the resulting
solution. The ions move at different rates based on electrophoretic mobility, and this is detected
by UV/Vis absorbance spectrophotometry within the capillary itself. A study showing the use of
CE for testing the quality of an ACT demonstrated how the method is cheap, easy to use,
requires only very small volumes of solutions, and that the equipment is long-lasting [163,174].
Marini et al. have built a portable CE module as a prototype for the quantification of API in
antimalarials, which takes 20 minutes on average for analysis; the method does require a certain
amount of training due to the different methods required for each drug type [175]. One such
unit was installed at the National University of Rwanda in 2015 [176].
1.2.2.3.8

Ion-mobility spectrometry (IMS)

In an ion-mobility spectrometer, the analyte is introduced in the gaseous phase and is ionised
before being driven by an electric field through a “drift tube”; the time taken for different ions
to reach the detector is dependent on factors such as the mass, charge, size and shape of each. It
is essentially a separation technique, and the spectrum provides a fingerprint of the original
mixture, which can be compared to known mixtures on a database [56,177].
IMS has been extensively developed and applied to narcotics and explosives detection, but has
yet to be applied to the problem of poor-quality medicines specifically [21], even though it has
been suggested as a cheaper, portable, and more rapid option for pharmaceutical quality
control (QC) compared to HPLC [178]. Another advantage is its low limit of detection; for
example, it was found to be capable of detecting the presence or absence of API in a cancer drug
when it only constituted 1.0 weight% of a tablet [177]. However, it requires a few cleaning
cycles to remove all traces of the analyte after each use [179], and is a destructive method.
1.2.2.3.9

Mass spectrometry (MS)

MS also involves the ionisation of materials, but at higher energies, resulting in fragmentation.
The fragments are accelerated by an electric field and deflected by a magnetic field (the amount
of deflection depends on the mass and charge of the fragment) before being detected. The mass
spectra of mixtures of chemicals can be very complex, so it is often coupled to a separation
technique such as liquid chromatography [148]. Used in this way, MS is a highly sensitive
technique, and provides information on both APIs and excipients [23,148]. It is capable of
differentiating between very similar APIs, which may appear to be the same using other
analytical methods; and are also sensitive to the isotope ratios of various elements present,
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providing forensic information which can link poor-quality drugs back to a common
manufacturing site [26,117,158,180] – as seen in Newton et al.’s investigation into counterfeit
antimalarials in southeast Asia [121].
However, not only is this method destructive, but the equipment is large, expensive, requires
running electricity, and requires extensive training to use [26,148,158]. It is also time-consuming,
with limited sample throughput when using traditional methods [145,148,158]. Recent
developments have made the process much more rapid (in the region of 15 to 30s) by using
ambient ionization techniques such as direct analysis in real time (DART) and desorption
electrospray ionisation (DESI), which do not require prior sample preparation [21,23,56,148].
DESI MS also allows spatially resolved measurements to be made [21,148].
1.2.2.3.10

FTIR, NIR, Raman spectroscopy

Spectroscopic techniques use the interaction between electromagnetic radiation of particular
wavelengths and a material to provide information on the latter. Their applications to
counterfeit and substandard medicines have been extensively studied. The advantages of these
methods is that they do not require any consumables such as chemical solvents, and hand-held
versions of the instruments that do not require mains electricity have been developed [153,158],
with their compactness and portability being particularly advantageous for field use [21,148].
They also only require a very short analysis time [148,153], and relatively little training is
required to make simple comparisons to a spectral database [21,23,148,158].
Nevertheless, the high capital cost of equipment is a limiting factor that has impeded wider
distribution [21,148,153,181]. Moreover, the radiation used tends to have a short penetration
depth, so although these methods are “non-destructive” in the sense that they do not always
require crushing or dissolution of tablets, they may only interrogate their surface or coating
layer [148]. A study comparing FTIR, NIR and Raman spectroscopy found that using
combinations of the methods may be optimal [182]; another comparison found Raman to be
superior to NIR for field work due to portability and cost [155]. Ultimately, the choice will
depend on a range of factors, but comparisons to other field-based methods such as the GPHF
Minilab tend to agree that the spectroscopic hand-held readers outperform the former in most
respects except cost [153,181].
A. Fourier-transform infrared (FTIR) spectroscopy
This technique produces an absorption spectrum from mid-infrared radiation transmitted
through the sample; peaks in absorption occur at frequencies that coincide with specific bond
stretching and bending modes, providing information on the presence of certain chemical
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functional groups. Commonly, an attenuated total reflectance (ATR) attachment is used so that
a sample can be scanned directly, so long as it is in contact with the probe, without any further
sample preparation needed – but due to the radiation’s very short penetration depth, it is not
possible to make measurements through blister packaging [148]. In fact, pills are often crushed
or milled in order to obtain the best results [183,184].
B. Near infrared (NIR) spectroscopy
NIR spectroscopy probes the absorption spectrum of materials in the 800 - 2500nm range [23].
Absorption bands tend to be broad and hence overlap in this range, so statistical methods are
applied to extract useful information [185]. Advantages of this technique are that it is very
sensitive to even small differences in concentration, with reports of anything from 1 to
0.04weight% differences being detected [186,187]. The method also requires no sample
preparation [148,188], as the radiation is more penetrating than mid-infrared [21] and can go
through glass [185]. The hand-held NIR instrument Phazir-RX (Thermo Scientific) has been
compared favourably to the Minilab for in-field measurements [181], and preliminary tests of a
novel hand-held device, SCiO (Consumer Physics), have proven to be equally promising
[189,190].
However, NIR radiation does not consistently penetrate packaging [21], so multiple scans are
often required to be sure of the result, which counteracts the advantage of the high speed of
scanning [181]. There are also reports of problems with its sensitivity to the moisture content of
drugs as this changes the spectra, and the extent of the change depends on the product as well
as the humidity of the conditions it was stored in [191].
C. NIR hyperspectral imaging
NIR spectroscopy combined with imaging results in a 3-dimensional data cube of spectral
information for each pixel [192], which is useful for visualising the surface distribution of
chemicals in a tablet [21,148]. Good contact with samples is required, so tablets need to be
removed from packaging [193], and scans take a few minutes [192,194]. However, a recent
study found that using longer wavelengths enabled the analysis of tablet composition at
increased depths (see Figure 1.8) and was less sensitive to edges and curvature [195]. Lopes et al.
imaged authentic and counterfeit versions of GSK products, plus pressed tablets of some pure
reference materials, and found that it was possible to use a linear combination of the latter to
roughly quantify the amounts of API present in each pixel of the tablets (with errors on the
order of 10weight%), thus identifying the counterfeits. However, tablet coatings needed to be
removed, and the flattest part of tablets needed to be scanned (avoiding curvature and
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debossing) for optimal results [196]. Similar studies have been carried out on aspirin [192] and
Viagra tablets also [197].

Figure 1.8 Images of Viagra (counterfeit and authentic) subject to NIR wavelengths: (a) 1000nm, (b)
1500nm, (c) 2000nm, and (d) 2500nm [195]

D. Raman spectroscopy
In Raman spectroscopy, monochromatic light (commonly 785nm) from a laser source is
transmitted through the sample, and the scattered light produces a spectrum of peaks that is
used to identify the material. The technique is convenient in that it can scan through blister
packaging, and so does not require sample preparation [21,56,148,198], plus it is not as sensitive
to environmental factors as NIR spectroscopy. The resulting spectra contain more information
than NIR in terms of number and sharpness of peaks [198]. Nigeria’s NAFDAC was an early
adopter of the TruScan (Thermo Scientific) handheld Raman spectrometer for quick spot checks
of medicines; the device can be operated by inserting a pill directly into the reader, but also
comes with an attachment for scanning through blisters [108]. A recent study demonstrated that
TruScan correctly identified 72/73 authentic samples, and all 11 counterfeit or substandard
samples tested [159].
Yet, even though the laser light can penetrate through plastic, it still suffers from a lack of
penetration depth, so there is a risk that only the tablet surface is probed [21]; in addition, the
small laser spot size (0.2 - 2.5mm diameter) means that only a small area is sampled [191].
Although APIs are often strong Raman scatterers, excipients tend not to be, so poor-quality
medicines with incorrect excipients may not be detected – but as the latter are more NIR-active,
it has been suggested that these two techniques could be used to complement one another [199].
Similarly to NIR, Raman can be sensitive to the curvature of surfaces, so is best applied to scan
a flat portion of a tablet [200]. An additional consideration is that the presence of lasers in such
equipment can create more obstacles when dealing with customs officials [181].
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Figure 1.9 The difference between conventional and SORS Raman spectroscopy [193]

The key issue that was repeatedly encountered with Raman spectroscopy was how background
fluorescence from certain APIs masked the Raman scatter [21,148,181,201]. When the TruScan
was evaluated by the United States Pharmacopeial Convention (USP), they concluded that it
may not be suitable for detecting poor-quality medicines with slight variations in API content
for this reason [202]. This issue could be resolved through the use of two (or more) wavelengths
to probe the samples [203], but would require further development in the miniaturisation of
lasers in order to incorporate these into portable readers [21].
An alternative is to use spatially offset Raman spectroscopy (SORS), as depicted in Figure 1.9. In
this geometry, the Raman scatter is collected away from any interfering signals from
fluorescence from the tablet or packaging (at the point where the beam is incident) [200]. It is
therefore possible to subtract the background spectrum from the packaging – although spectra
can suffer from distortions when using certain offsets [193]. SORS technology has been
extensively developed at the Science and Technology Facilities Council’s (STFC) Rutherford
Appleton Laboratory (RAL), and a commercial hand-held reader is now available [204].
1.2.2.3.11

Nuclear magnetic resonance (NMR) spectroscopy

NMR spectroscopy analyses how certain nuclei (hydrogen-1 and carbon-13 are commonly
studied in organic compounds) interact with radio frequency radiation whilst subjected to a
variable magnetic field. The sample is usually dissolved in a deuterated solvent within a thin
glass tube. The technique provides detailed chemical information without the need for a
standard for comparison [21,26,148]. Although it has traditionally been overlooked for quality
control purposes, pharmaceutical companies are starting to use this method more often [205].
Nevertheless, the equipment is bulky, expensive, and needs laboratory conditions (stable
temperatures, running electricity) and a highly trained technician to operate; and analyses are
time-consuming [26,148]. It is also inherently insensitive to chemicals present in low
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concentrations [206]. Because all compounds in a mixture (including APIs, excipients, and any
impurities) that contain the nucleus being interrogated will contribute to the spectrum, this can
be difficult to interpret, so a separation technique may need to be applied first. However, newer
NMR techniques that are able to separate the signals from different components are being more
widely implemented [56,148,205]. Other advances include the development of low-field,
cryogen-free, benchtop NMR instrumentation that has been used to test “lifestyle” medicines
purchased online, detecting those that were adulterated [206].
1.2.2.3.12

Nuclear Quadrupole Resonance (NQR)

NQR is related to NMR, and uses radio frequency radiation to obtain qualitative and
quantitative information on chemical mixtures such as medicines – without the need for
consumables nor involving any sample preparation [158,207]. As it does not require an external
magnetic field, the instrumentation is far more compact than that for NMR, and can be made at
a cost of less than US$ 250 [208]. The European CONPHIRMER consortium utilised this
technology to develop a portable device for medicines quality testing in a truly non-destructive
fashion – i.e. without the removal of packaging [209]. It was tested on counterfeit antimalarials,
showing that quantitative analysis was possible based on the difference in the signal compared
to that of a genuine sample; the result was supported by HPLC analysis [210]. It was also found
to be sensitive to the slight differences between the same product made by different
manufacturers [210]. It can be used to analyse a whole packet, or multiple packets, of a
medicine at the same time [211].
Although the method relies on nuclear quadrupole resonance from nuclei with spin quantum
number I > 1 [207], this is not an issue for the best part of APIs found in medicines, as roughly
50% of elemental isotopes fulfil this criterion [211] (aspirin being a notable exception that is
“NQR-silent” [208]). As with many other methods, spectra from genuine products are required
for comparison and authentication [208,211]. Downsides of this technique are the relatively long
acquisition times [158], and the risk of noise from surrounding sources of interference [207].
1.2.2.3.13

X-ray diffraction (XRD)

XRD is frequently overlooked for this application, as it is traditionally considered as being too
complex, with large instruments that are not useful for fieldwork [145]. It is however the focus
of this thesis; thus, the method is discussed in greater depth in the following section.
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1.3 X-ray Diffraction
1.3.1

Background

Figure 1.10 Two types of crystallographic plane within the same crystal lattice (adapted from [212])

Crystalline materials are composed of ordered arrays of atoms or molecules, which can be
thought of as a “unit cell” of a fixed arrangement of atoms or molecules that is repeated in all
three dimensions. As Figure 1.10 illustrates, different crystallographic planes are formed by this
regular arrangement of atoms or molecules. Each set of parallel planes has a fixed inter-planar
distance (d) between them, and different types of plane have different values of d.
If X-rays of the same energy scatter coherently (Rayleigh scatter) from atoms or molecules in
adjacent crystallographic planes, they can interfere constructively or destructively depending
on their phase relationship, as shown in Figure 1.11. It can be predicted that constructive
interference will occur whenever the angle between the plane and incident or scattered X-ray
(θ) and the inter-planar distance (d) is such that this results in the second X-ray travelling an
integer number of wavelengths (nλ) further than the first X-ray, such that they remain in phase.
This relationship, termed Bragg’s Law, can be calculated using trigonometry resulting in the
following equation:
𝑛𝜆 = 2𝑑 𝑠𝑖𝑛𝜃

(1)

The phenomenon of constructive interference of coherently scattered X-rays of a particular
energy, at specific angles, is called X-ray diffraction (XRD). The resulting pattern of peaks in
intensity is unique to each material (except in very rare cases [213]), and so can be taken to be
a ”fingerprint”. Bragg’s Law is applied to extract d values for each type of crystallographic
plane present in a material, which can in turn be used to elucidate further information about the
structure. Thus, XRD is an analytical tool for structural characterisation of materials. It does not
provide a direct measure of a material’s chemical composition [214]; however, the information
generated by XRD can be used to identify the material, and hence, its chemical composition.
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Figure 1.11 Scattered X-rays showing constructive and destructive interference

A lot of materials we call powders are in fact polycrystalline. It is assumed that, statistically, all
possible orientations of crystals are represented equally in a powder, and therefore all
crystallographic planes are “visible” to an incident X-ray beam. Consequently, cones of
diffraction at the scattering angles corresponding to each type of plane are formed as shown in
Figure 1.12. However, some crystals have shapes (e.g. needle-like, or plate-like [215]) that result
in a tendency for them to align in a particular orientation, and this can be exacerbated if they
are pressed into sample plates during the sample preparation process [212,216] or compacted
into tablets [217]. This causes some crystal planes to be over-represented whilst others are
under-represented in the observed diffraction pattern, and is termed the preferred orientation
effect. This artefact is known to hamper efforts to identify or quantify materials by XRD [218–
220], so methods of reducing its influence are often introduced into experimental setups – as
described in the sections below.

Figure 1.12 Cones of diffraction from two types of crystallographic plane exposed by crystallites in a
powder sample [221]

It is worth mentioning that even in powders of amorphous solids, i.e. those which lack longrange order, there exists some short-range order due to the preference for molecules to pack in a
certain way, making some interatomic distances more common than others. This normally
results in one or two broad diffraction peaks [218]. Interest in XRD of amorphous materials has
grown in recent years – since 2010, the International Centre for Diffraction Data (ICDD) has
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been producing reference patterns of amorphous organic materials, including pharmaceutical
excipients [222]. Amorphous APIs also exist, but are not commonly used due to problems with
their lower stability and tendency to convert into their most stable crystalline form [223,224].
There are two methods by which Bragg’s Law (equation ( 1 )) is interpreted for use in XRD
experiments: angular-dispersive XRD (ADXRD) and energy-dispersive XRD (EDXRD).
1.3.1.1

Angular-dispersive XRD

In ADXRD, monochromatic X-rays – usually copper (Cu) Kα (8.04keV) from a filtered Cu X-ray
source – are directed at the sample, and diffracted X-rays are detected for a range of 2θ angles.
In this way, whenever the detector intersects a cone of diffraction such as those illustrated in
Figure 1.12, a peak in intensity is observed. Organic materials such as the APIs of
pharmaceutical medicines tend to have larger d-spacings than inorganic materials, meaning
their diffraction peaks are concentrated at low 2θ when these relatively low-energy X-rays are
used.

Figure 1.13 Diagram of a typical reflection ADXRD setup [225]

Figure 1.13 shows an example of ADXRD in reflection (Bragg-Brentano) geometry – the most
common setup used [226]. Here, the flat-plate sample holder and detector are tilted to cover a
range of θ and 2θ, respectively. Samples are also spun during data acquisition to reduce the
effects of preferred orientation. Transmission (Debye-Scherrer) geometry may also be used,
where samples can be placed inside capillary tubes for analysis. This is beneficial when the
sample size is limited, or if it is air-sensitive as the capillary can be sealed. Another advantage is
that preferred orientation effects may be reduced in this geometry [227].
ADXRD provides high-resolution XRD spectra, and the ICDD states that the technique can be
expected to identify mixture components down to 5weight% [222], although another source
indicated a <1weight% detection limit was possible if problems associated with sample
preparation, such as preferred orientation, were overcome [228].
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1.3.1.2

Energy-dispersive XRD

Figure 1.14 Diagram of an EDXRD setup (adapted from [229])

In EDXRD, the scattering angle 2θ is fixed, and a range of X-ray energies (e.g. the continuous
spectrum from an X-ray tube) is used. An example of a typical setup is shown in Figure 1.14. An
energy-resolving detector is used to collect data on both the intensity and energies of the
diffracted X-rays, resulting in an EDXRD spectrum. Commonly, the energy axis is converted
into a unit called momentum transfer (x), which incorporates information on both the angle and
energy, making it non-system-dependent. This is useful for making comparisons between
EDXRD systems set up at different fixed angles, and for comparisons between ADXRD and
EDXRD. For the purposes of this calculation, the Bragg equation is rearranged as follows:
(

1
2𝑑

=) 𝑥 =

∴ 𝑥=

𝐸
ℎ𝑐

1
𝜆

sin 𝜃

(2)

sin 𝜃

(3)

To calculate x in nm-1 using E in keV, this equation is simplified to:
𝑥 = 𝐸 × 0.805 × sin 𝜃
where 0.805 is a constant incorporating

1
ℎ𝑐

(4)

, the conversion of units of energy (E) from J to keV,

and of momentum transfer (x) from m-1 to nm-1. Thus, for a fixed angle, larger d-spacings (i.e.
smaller x) in pharmaceutical compounds will result in peaks at relatively lower energies. This
can be taken into account in system design by choosing a low angle such that the diffraction
peaks of interest fall at higher energies, so long as these are within the range of the X-ray
energies provided by the X-ray source spectrum.
∆𝐸

The quality of EDXRD spectra is limited by the energy resolution ( ) of the detector, although
𝐸

∆𝜃

this may be overshadowed by the loss of angular resolution ( ) due to the range of angles
𝜃

accepted through the scatter collimator (rather than specifically at the nominal angle). The latter
is a result of a compromise made in order to detect sufficient diffracted X-rays in an acceptable
time scale, but results in significantly broader, overlapping peaks compared to ADXRD.
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1.3.1.3

Other X-ray interactions

X-rays at the energies of interest can also interact with matter by photoelectric absorption or
incoherent (Compton) scatter. The former occurs when an incident X-ray photon transfers all of
its energy to an electron, which is subsequently ejected. The latter occurs when an X-ray
interacts with a loosely-bound electron, imparting some of its energy as well as changing its
direction of travel, thus contributing to background scatter. This is in contrast to coherent
scattering discussed above, which result when an X-ray interacts with a tightly-bound electron,
with no transfer of energy, but a change in its direction of travel.
Together, photoelectric absorption and scatter cause the attenuation of X-rays. This attenuation
effect is energy-dependent, and relates to the mass attenuation coefficients (µ/) of the
chemicals that make up the attenuating material. This information is available online in
databases run by the National Institute of Standards and Technology (NIST) [230,231]. The mass
attenuation coefficient is multiplied by the density of the material () to find the linear
attenuation coefficient (µ). This in turn is used to calculate the proportion of transmitted X-rays
(𝐼⁄𝐼 ) after passing through thickness x of the material, using the Beer-Lambert equation:
0

𝐼⁄ = exp(−𝜇(𝐸)𝑥)
𝐼0

1.3.2
1.3.2.1

(5)

Applications of ADXRD
Materials identification

ADXRD is widely used by chemists and material scientists for the characterisation of novel
compounds, or for identification purposes – for example, to confirm that the product of a
reaction is as expected. Powder ADXRD is also the gold-standard technique within the
pharmaceutical industry for investigating polymorphism – the different crystal structures
formed when molecules of a certain chemical are arranged in different ways – an example of
which is given in Figure 1.15. It is well-established that the formation of particular polymorphs
can be influenced by manufacturing processes [198,213,232], and their differing properties (such
as dissolution rate) mean that identification is crucial for quality assurance, as well as for IP
reasons [226,233,234]. Aside from pharmaceutical compounds, other organic materials have
been analysed with ADXRD – for example, tissue samples (to discriminate between healthy
tissue and tumours) [235], and illicit drugs with cutting agents [236].
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Figure 1.15 Arrangement of paracetamol molecules in polymorphs (a) form I and (b) form II [237]; their
respective ADXRD profiles (generated using Mercury v.3.9 [238] and CSD-HXACAN18 & COTZAN
[239])

Despite strong evidence to demonstrate that ADXRD is a reliable means of identifying different
materials, few researchers have applied it hitherto to the detection of poor-quality medicines. It
was cited in a review of analytical methods used for detecting counterfeit medicines, where the
authors commented that ADXRD has the advantages of requiring minimal sample preparation
(compared to methods such as chromatography), and providing information on excipients as
well as APIs – but incorrectly stated that it could only be used to identify a few APIs [148].
Moreover, in one study, ADXRD was applied to the study of excipient composition for a
forensic investigation into the source of counterfeit antimalarials, finding that this differed
substantially between counterfeits and the authentic medicine [121].
Dégardin et al. reported in 2013 that “further fast analytical tools have been recently
investigated for counterfeit detection and may offer new avenues, like X-ray powder diffraction”
[17]. In the research communication that they referred to, ADXRD in reflection geometry was
used on whole Viagra tablets – genuine samples from Pfizer, and counterfeit samples seized by
police and customs authorities. It was found that the diffraction patterns could be reliably
discriminated visually to identify counterfeit samples, as shown in Figure 1.16 [240]. However,
due to the relatively low X-ray energies used in ADXRD, the tablets were removed from their
packaging to avoid attenuation effects during this experiment. Furthermore, differences in
spectra were observed when the tablet coatings were removed, as the X-rays could only probe
the surface of samples. This raises the possibility that poor-quality medicines with the correct
coating could still pass ADXRD inspection, highlighting a drawback of this technique.
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Figure 1.16 (L) Viagra tablets – only top left tablet is genuine; (R) Diffraction pattern for counterfeit
tablet b (in blue) compared to the genuine Viagra pattern (in grey) [240]

A disadvantage of traditional ADXRD equipment is its large size, due to its moving parts. A
possible solution is to use a large-area pixellated detector that collects diffraction intensities at a
range of angles whilst remaining in a fixed position. One such example of this is found in the
portable, battery-operated ADXRD instrument, Terra – the commercial adaptation of the
CheMin instrument which was launched to Mars on board the Curiosity rover in 2011 [241].
Figure 1.17 shows the setup used in CheMin, and Terra is presumably similar in design.
Diffraction patterns are collected on an area summed circumferentially at incremental radii
(from the central through-beam) to produce a plot of intensity vs scattering angle. A novel
sample holder was designed to shake the sample powder during analysis such that random
orientations of crystallites are exposed to the beam [242]. This instrument is, however, limited to
the study of samples prepared by being ground up before being placed into the thin sample
holder [243]. Nevertheless, it has been reported as being used for in-field studies of counterfeit
pharmaceuticals [158,244]. As far as the author is aware, the results in the public domain are
limited to a conference presentation [245] that demonstrated how diffraction patterns were
significantly different in grossly counterfeit versions of Viagra and antimalarials, as well as the
application to successfully identifying excipients within both authentic and counterfeit drugs.

Figure 1.17 Geometry of the CheMin instrument; 24.0mm x 23.3mm active area of detector [243]
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1.3.2.2

Materials quantitation

Traditionally, ADXRD has been used for basic quantitation of a material within a mixture by
comparing the area of a diffraction peak to its reference intensity ratio (RIR) from a database (as
seen in the CheMin presentation [245]), by incorporating an internal standard. The method is
thus unsuitable for non-destructive analysis, as it requires sample preparation [215,246].
Another option is to create a calibration line between peak(s) in mixtures of known
concentrations, and use this to quantify the amount of a substance in an unknown mixture by
regressing its peak area(s) [247].
However, these methods become more challenging in complex mixtures where many peaks
overlap, are broader, or where multiple constituents need to be quantified [198,233,246,248]. In
these cases, whole-pattern fitting methods are favoured, as they are less likely to be influenced
by errors introduced during the sample preparation process (including preferred orientation
effects). This approach improves the accuracy since it takes account of changes across the full
spectral range rather than a selected peak or two [198,215]. Rietveld refinement is a widely-used
whole-pattern fitting method for quantitative analysis [227], but requires databases of crystal
structures to use, and is limited to crystalline materials [246].
Thus, the application of multivariate statistical methods to spectra (which contain hundreds, or
even thousands, of variables; hence “multivariate”) – a field dubbed chemometrics – is of
growing interest in the pharmaceutical sector. The use of chemometrics can permit faster,
cheaper, and potentially non-destructive analyses to quantify sample properties that would
otherwise require time-consuming, expensive or destructive testing (Figure 1.18). Chemometric
methods for calibration and quantitation from ADXRD data have been shown to give superior
results when compared to the univariate method (using selected peak heights or areas) [248–
251]. These methods also extend beyond quantitative analysis and can be used for pattern
recognition and classification of spectral datasets. The chemometric methods that were
employed in this thesis are described in more detail in Chapter 2.
Spectroscopic techniques (Raman, NIR, FTIR) combined with chemometrics have been widely
reported for the analysis of poor-quality medicines (e.g. [188,191,252,253]). A recent review with
a specific focus on chemometrics applied to the identification of counterfeit medicines covered a
range of chromatographic methods, spectroscopic methods, and NMR [254]. Remarkably, the
literature on chemometrics applied to ADXRD spectra of pharmaceutical mixtures
[214,215,233,246,249,251,255–258] (discussed further in Chapter 3) makes no mention of the
poor-quality medicines problem. In addition, it was noted in a “round robin” of quantitative
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analysis methods (by the International Union of Crystallography’s Commission on Powder
Diffraction) that the XRD community was reluctant to study pharmaceutical compounds in
general [227].

Figure 1.18 Why chemometric methods are used in chemical analysis [259]

1.3.3

Applications of EDXRD

EDXRD can be applied to material characterisation studies in the same way as ADXRD, but in
addition is the preferred method for probing materials subjected to high pressures (in diamond
anvil cells), and in-situ mechanistic studies [260]. The latter two usually require synchrotron Xray sources, rather than laboratory-based X-ray sources, due to the far superior X-ray flux that
significantly reduces data acquisition times and allows for stricter collimation and hence better
resolution spectra [261]. As with ADXRD, most research in this area is focused on inorganic
materials analysis, but there are a few studies describing EDXRD to study and identify,
quantify or classify organic materials such as biological tissues [262–264], explosives [265], illicit
drugs [266,267], and even sugar [268].
The advantages of EDXRD over ADXRD are that the absence of moving parts allows for more
compact instrumentation designs, that data collection is more rapid, and that the higher-energy
X-rays used in EDXRD will penetrate further into samples [269–271]. The latter point allows for
the non-destructive analysis of relatively thick samples as well as analysis through packaging.
Notably, X-rays can probe through thin foil (such as those used in blister packaging), unlike the
other through-package methods of NQR and Raman spectroscopy described above – an aspect
that is discussed further in subsequent chapters of this thesis.
EDXRD has reportedly been applied to the non-destructive authentication of pharmaceuticals
via the dedicated XT250 system designed by XStream Systems [272]. This utilises an air-cooled
X-ray source (operated at 10 - 80kV, with corresponding currents of 4.0 - 0.5mA) and a
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cadmium telluride (CdTe) detector. Its confocal design with circular-slit collimators allows
control over the position that is interrogated within a sample (Figure 1.19A). The system then
compares EDXRD fingerprints of unknown samples against a database of known drugs, using
an on-board “material recognition software engine”. The authors state that samples take <5min
to authenticate – “often in as little as 30s” – and with accuracies >98% [272]. However, no
further journal publications other than the cited article published in 2009 could be found.

Figure 1.19 (A) XT250 system geometry, where 2θ = 2.562° [272]; and (B) geometry of portable EDXRD
system by Cuevas et al., with (1) X-ray tube, (2) detector, (3) sample, (4 & 5) collimators, and (6) laser
pointer shown [270]

More recently, a compact EDXRD system was developed and described in an article by Cuevas
et al. [270]. This was designed specifically for use in cultural heritage applications; thus, the
system was constructed in reflection geometry, to allow single-sided interrogation of
archaeological artefacts (Figure 1.19B). A small Moxtek X-ray source (operated at 10 - 50kV and
0.2mA) and a silicon drift detector were employed for this purpose; in addition, motorised
stages, a range of collimator sizes, and a laser pointer were used to adjust the measurement
position and even allow for ADXRD data to be collected [270]. Note that the EDXRD
measurements reported here were taken at relatively large scattering angles (15 - 20°) due to the
small d-spacings in the inorganic materials that were examined.

Figure 1.20 Illustration of how a cone of diffraction (at a particular X-ray energy) from the sample
impinges upon the HEXITEC detector. © SISSA Medialab Srl. Reproduced by permission of IOP
Publishing. All rights reserved [273]
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Another method of combining aspects of ADXRD and EDXRD has been demonstrated by the
use of a pixelated, energy-resolving detector – HEXITEC [274] – developed by the STFC and
tested by the Radiation Physics group at UCL. This was positioned such that it intersected cones
of diffraction from a sample, as shown in Figure 1.20; by knowing the diffraction angles at each
pixel of the detector, the energy spectra for all 6400 pixels could be converted into momentum
transfer space and summed. The setup, dubbed “PixD” (pixelated diffraction), was found to
produce spectra that contained sufficient information to classify drugs and explosive materials
after acquisition times on the order of seconds, using chemometric methods [273]. The footprint
of this system was further reduced by replacing the large laboratory X-ray source with a
compact, air-cooled Amptek Mini-X [275]. A related system – named “miniPixD” – has more
recently been developed, combining the PixD concept with X-ray imaging capabilities to
provide image-guided X-ray diffraction (IGXRD). Here, contents of a sample of interest can be
imaged before selecting a position to take a diffraction measurement [276]. This instrument has
already been successfully applied to the identification of different tissue types in excised breast
tissue samples [277]. Both PixD and miniPixD have been shown to produce good quality XRD
spectra in preliminary measurements on pharmaceuticals within their blister packaging
[275,276]. Hence, this potential application was explored further in this thesis.
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1.4 Scope of this PhD thesis
The aim of this project was to evaluate the effectiveness of XRD for the non-destructive,
through-packaging identification of counterfeit and substandard medicines. The EDXRD and
miniPixD instrumentation and chemometric methods that were used are described in the
following chapter of this thesis – and as far as the author is aware, the experiments that follow
are the first studies to combine the two for pharmaceutical analysis.
Chapter 3 presents an experiment in which a series of ternary mixtures pressed into tablets
were used to test the suitability of EDXRD spectra for calibration and quantitative analysis.
In Chapter 4, EDXRD analyses of solid pharmaceutical dosage forms – “the most common form
of counterfeit or diverted products” according to the FDA [60] – were performed, both with and
without packaging. A chemometric method was applied to test its ability to sort the spectra,
collected at a range of acquisition times, into known API classes.
Chapter 5 describes how XRD data acquisition times were reduced by studying the samples
using the miniPixD, thereby demonstrating the potential of this compact instrument for
practical application.
This last point is an important consideration for all anti-counterfeiting technologies. Portable,
user-friendly devices would clearly be of great use for both drug regulators and medical
practitioners, particularly in remote areas in the developing world, where the infrastructure to
build laboratories for pharmaceutical quality analysis does not exist. The need for modern
“state of the art” technologies in the field, instead of simple testing kits such as the Minilab, was
recently highlighted by reports that the latter suffer from problems with reproducibility and
biased, user-dependent results [153].
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Chapter 2: Equipment and Methods

2.1 EDXRD system

Figure 2.1 Schematic of EDXRD system viewed from above, with zoomed detail of angles

Figure 2.1 shows the experimental setup used in the first two EDXRD studies (Chapters 3 and 4).
The X-ray source was a water-cooled X-ray tube (MXR-160, Comet) with a tungsten target (with
3mm-diameter focal spot (d0)) and beryllium window, operated by an AGO Installations system
(MG/01/160/320, Philips). The X-ray tube was covered by a lead-lined casing with a 5mmdiameter exit window. Two 2cm-thick brass pinhole collimators were positioned before and
after the sample, with the source collimator being 1.1mm (d 1) in diameter, and the scatter
collimator 1.0mm (d2). The sample stage was affixed to a set of horizontal and vertical
motorised linear stages (M-IMS300PP, Newport) such that the sample could be moved in the
plane perpendicular to the beam direction from outside the laboratory.
A high-purity germanium (HPGe) detector (GLP-36360/13-P, EG&G Ortec) held at 77K (using
an Ortec X-COOLER-II controlled by a CryoSecure unit), was linked to an Ortec DSPEC jr 2.0
unit, which contained the high voltage control (set to a 1kV bias voltage), amplifier, and multi-
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channel analyser (MCA)* used to assign each detected photon’s energy to one of 512 channels.
Maestro-32 software (v.6.06, Ortec) was used to control the data acquisition parameters. The
detector was calibrated using the 14.0, 17.7, and 59.6keV characteristic peaks in a spectrum
collected from an americium-241 radioactive source – shown in Figure 2.2. Its energy resolution
was calculated to be 0.54keV at 59.6keV (using the FWHM), i.e.

∆𝐸
𝐸

= 0.9%.

Figure 2.2 Am-241 spectrum; x-axis energies are result of calibration using labelled peaks

2.1.1

Setup A

For the experiments described in Chapter 3 – where unpackaged and “packaged” tablets of
known compositions were studied – the EDXRD system was set up such that distance L0 was
220mm, and samples were positioned such that they were centred at 17mm (L1) from the source
collimator and 57mm (L2) from the scatter collimator.
The sample position was controlled by a Newport XPS-Q8 controller linked to a computer via
an Ethernet cable, using the Newport GUI accessed via a web browser to make simple
movements to specified positions. After initial tests, certain samples were step-scanned in 30
positions repeatedly, according to the schematic shown in Figure 2.3. These scanning positions
were chosen such that the incident X-rays avoided the edges of sample 1 (pure caffeine),
identified by finding stage positions at which the diffraction intensity was significantly reduced.

* MCA: analyses a series of voltage pulses, and sorts them into a histogram or “spectrum” of number of
events versus pulse-height which relates to energy.

57

For the packaged sample scans, pieces of card, foil and plastic taken from Sainsbury’s
paracetamol packaging were cut to size and fashioned into a sample holder such that the tablets
would have foil and card on one side, and plastic and card on the other as shown in Figure 2.4.

Figure 2.3 Step-scanning positions used in Setup A

Figure 2.4 Side view of “packaged” sample holder setup

The nominal scattering angle (2θ in Figure 2.1) for Setup A was found to be 6.3°, as determined
by comparing the spectrum collected from a caffeine sample on the system to a caffeine
reference spectrum. The range of diffraction angles accepted by the scatter collimator was
calculated using trigonometry:
2𝜃𝑚𝑖𝑛 = tan−1 [

𝑑
ℎ
𝐿2 sin 2𝜃− 22 cos 2𝜃−2
𝑑
𝐿2 cos 2𝜃+ 2 sin 2𝜃

] − 𝜃𝑑𝑖𝑣

(6)

2

2𝜃𝑚𝑎𝑥 = tan−1 [

𝑑
ℎ
𝐿2 sin 2𝜃+ 22 cos 2𝜃+2
𝑑
𝐿2 cos 2𝜃− 2 sin 2𝜃

] + 𝜃𝑑𝑖𝑣

(7)

2

where θdiv, the divergence angle, was calculated from:
𝑑0 𝑑1
+2

𝜃𝑑𝑖𝑣 = tan−1 [ 2

]

(8)

ℎ = 𝑑1 + 2𝐿1 tan 𝜃𝑑𝑖𝑣

(9)

𝐿0

and h, the beam width at the sample, was:
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h was found to be 1.4mm, and the 2θmax - 2θmin acceptance angle range came to 3.5°, or an
∆2𝜃

angular resolution (

2𝜃

) of 55%. This was relatively large, but the diffracted X-rays were not

equally likely to be collected from all scatter angles in this range in reality, due to a Gaussianlike distribution of angular acceptance weighted heavily in the centre, as described by Luggar et
al. [278]. Indeed, by finding the FWHM of sample 1’s caffeine diffraction peak at 15.1keV
(0.67nm-1), the angular resolution was calculated to be 22%. This was over 24 times greater than
the calculated detector energy resolution, highlighting how the angular resolution is the
limiting factor of this EDXRD setup when it comes to elucidating diffraction peaks.
The X-ray source was operated at a peak voltage of 60kV. The tube spectrum at this energy was
measured directly using a 50m pinhole collimator and the HPGe detector, with the lowest
possible X-ray tube current setting (approx. 0.2mA on the analogue dial), and is shown in
Figure 2.5. This spectrum translated to momentum transfer values of 0.17 to 2.6nm-1, suitably
covering the region where diffraction peaks of organic chemicals of interest tend to fall. Note
that the tube spectrum also included the characteristic L-lines from the tungsten anode at 8.37,
9.82, and 11.3keV. During data acquisition, the current was kept at a moderate level of 2mA to
avoid deterioration of the X-ray tube filament.

Figure 2.5 Measured X-ray tube spectrum at 60kV; zoomed portion highlighting shape of spectrum at
energies above tungsten characteristic peaks

59

2.1.2
2.1.2.1

Setup B
EDXRD system assembly

The EDXRD setup was dismantled then reassembled to create “Setup B” (for Chapter 4
experiments) using the following procedure. Initially, the exit window on the X-ray tube casing
was adjusted such that the X-ray beam was directed parallel to the surface of the optical bench,
as well as being parallel to the edge of the bench. This was determined by using a flat panel
detector (PaxScan, Varian Medical Systems Inc.) to image the beam at increasing distances from
the source. Fine metal wires were affixed onto the panel in a crosshair to mark the correct
position at which the beam should fall.
Following this, the source collimator (without pinhole insert) – mounted on a rotation stage
attached to a set of vertical and horizontal translation stages – was positioned such that L0 was
maintained at 220mm. The stage positions were adjusted manually whilst imaging the X-ray
beam until this was centred correctly. The pinhole insert was then replaced, and rotated slightly
until the through-beam was once again circular and centred correctly. This process was
repeated after the addition of the scatter collimator (also affixed to rotation and translation
stages), which was initially positioned in line with the source collimator.
After alignment, a caffeine sample (sample 1 from Chapter 3) was positioned such that it was
centred at 20mm (L1) from the source collimator. The scatter collimator was rotated to roughly
6 and translated perpendicular to the X-ray beam (and parallel to the bench surface) until the
laser spot from a laser beam pointed back through the pinhole was visible on the caffeine
sample surface. The HPGe detector was then positioned to detect any diffracted X-rays from the
sample, and spectra were acquired for 120s (with the tube operated at 60kV, 2mA) with the
scatter collimator translated along a series of positions in 0.2mm steps. The position yielding the
maximum summed total counts of diffracted X-rays was identified; L2 was 100mm and the
nominal scattering angle (2) was found to be 5.9 using the same method as above.
The slight reduction in scattering angle meant that diffraction peaks were shifted to a higher
energy (but would not change in terms of momentum transfer), such that lower energy
diffraction peaks were less likely to be affected by attenuation. This change also shifted the
characteristic L-lines from tungsten to lower momentum transfer values (as their energies are
not angle-dependent) which made them less likely to overlap with diffraction peaks. However,
in doing so, a previously masked background peak – a lead L line, from the lead shielding
surrounding the system – appeared at 12.6keV.

60

The modifications to distances L1 and L2 in this new setup improved the angular resolution of
the system from 55% to 42%. The downside to this was the reduction in count rate as a result of
the scatter collimator, and hence HPGe detector, being further from the sample. Therefore, the
tube voltage used was increased to 80kV (still at 2mA) to boost the count rate, resulting in the
inclusion of characteristic K-lines from tungsten at 58.0, 59.3 and 67.2keV in the X-ray tube
spectrum – high enough energies as to not interfere with diffraction peaks.
In addition to the above changes, the controller for the Newport stages was changed from a
XPS-Q8 to a ESP301 system (with USB link) during the course of this experiment. Raster scan
trajectories (as opposed to step-scanning) were scripted in LabVIEW (v.12.0, National
Instruments) for the former, and in Matlab (R2014b, MathWorks) for the latter. Data collection
for all the different acquisition times was automated by utilising the scripted “.job” file feature
in Maestro (v.6.06, Ortec).
2.1.2.2

Sample scanning

In order to find the best coordinates for raster scanning, a Nurofen Migraine Pain caplet was
first “imaged” by summing all counts from 10-second acquisitions at various stage positions
(Figure 2.6). The raster scan positions were chosen such that the X-ray beam would cover the
most uniform, central part of the pill face. This sample was chosen as it was one of the smaller
caplets, and this scanning region would therefore fit in all other caplets. This same procedure
was used to map out a trajectory for tablets, using Pro Plus (the smallest tablets used). The
stages were moved to a central “start” position (2mm higher in tablets than caplets, due to their
circular shape) and a series of movements were made relative to this according to the
trajectories shown in Figure 2.7. This raster scan was repeated throughout all acquisitions.

Figure 2.6 Result of the pill mapping procedure

61

Figure 2.7 Raster scan trajectories used in Setup B; ♢ marks central “start” position

Some paracetamol- and aspirin-containing caplets had a groove down the middle to facilitate
splitting them in half. To see what effect this had on count rate, an Anadin Extra caplet was
scanned for 600s both along its groove (“thin” scan), and in the thickest part of the caplet (“thick”
scan) for comparison (Figure 2.8). The groove was located using the same mapping method as
above. The mean percentage reduction in counts was 9.6% in the “thin” region, but only 1.5% in
the part of the spectra that excluded the tungsten characteristic peaks. This was within the error
range from Poissonian counting (e.g. ±2% for the peak at 1.27nm-1 with ~2500 counts). Moreover,
during a raster scan the X-ray beam would pass through this grooved region for a minority of
the acquisition time, so this feature was not expected to have a significant effect.

Figure 2.8 Comparison of XRD intensities for caplets containing groove (i.e. “thin” section)

For the blister-packaged sample scans, a single blister was cut out from a blister sheet and
positioned upright on the sample stage. The only exceptions were the two soluble samples
(Solpadeine Headache Soluble and Boots Paracetamol Extra Soluble) which had their tablets
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packaged individually within plastic-lined paper. For these, one packet from each was sliced
open on one end, such that the tablet could stand upright on its side whilst still being within
this packaging. When collecting the data for blister- and card-packaged samples, a ring of card
taken from a purchased packet of paracetamol was used to surround each blister (with L1
maintained at 20mm) as shown in Figure 2.9.

Figure 2.9 Top view of blister plus card packaging setup

The distance L1 needed to be maintained in order to collect diffracted X-rays at the nominal
scattering angle. An increase in L1 resulted in peaks shifting to lower momentum transfer
values, as the scattering angle that the data were collected at was greater than the nominal
value of 5.9; and vice versa for smaller L1 (see Figure 2.10) – due to the detector collimator
being wide enough to accept a range of angles. The effect was greater on peaks at higher
momentum transfer due to the curved shape of the X-ray tube spectrum (as in Figure 2.5)
resulting in greater differences in the numbers of incoming X-ray photons in the higher E region.

Figure 2.10 Effect of changing L1 distance on unpackaged Hedex (1) spectra (300s, no raster)
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2.2 miniPixD system
In Chapter 5, a selection of pharmaceuticals were studied using the aforementioned miniPixD
system [276]. The key novelty of this method was the use of the pixelated, energy-resolving
HEXITEC detector [274], with 80 x 80 pixels of CdTe of 250m pitch – i.e. with an area of 20mm
x 20mm. The use of a CdTe detector instead of a HPGe detector, although lower in energy
resolution (with measured FWHM of 1.6keV at the 59.6keV peak for the former [276], compared
to 0.54keV for the latter), avoided the necessity to cool the system to liquid nitrogen
temperatures. This in turn allowed the system to be built such that it was more compact than
traditional EDXRD systems. As discussed in section 1.3.3, by knowing the geometry of the
system and calculating the diffraction angle at each pixel of the detector, the energy spectra for
all 6400 pixels could be converted into momentum transfer space and summed – as illustrated
in Figure 2.11 – allowing XRD spectra to be collected on the order of seconds. The overall
miniPixD setup is illustrated in Figure 2.12, and each component along with any tests that were
carried out prior to the experiment in Chapter 5 are described below.

Figure 2.11 (a) Scattering angles for each pixel are combined with (b) energy spectrum measured by
each pixel to convert into (c) momentum transfer space; resulting in (d) summed spectrum from all
pixels. © SISSA Medialab Srl. Reproduced by permission of IOP Publishing. All rights reserved [273]

64

Figure 2.12 Schematic of miniPixD viewed from above, showing key components [276]

2.2.1

HEXITEC detector

The HEXITEC detector and data acquisition parameters were controlled using the 2Easy
software provided. The detector crystal was Peltier-cooled to 12°C during measurements, and
was also subjected to a bias voltage of -475V provided by a Kiethley HV power supply (2410
1100V SourceMeter). The bias was refreshed every 60s to prevent polarisation of the detector,
which is known to reduce detector performance over prolonged periods [279]; the data
acquisition was automatically halted during the bias refresh periods.
Data was collected overnight from an americium-241 source positioned on the front of the
detector casing for the purposes of calibrating the individual detector pixels. The three major
peaks (as seen in Figure 2.2) were identified in the raw ADU* spectra for each pixel, and linear
fit coefficients were calculated for the ADU to energy conversion using a Matlab (R2015a,
MathWorks) script†. This script also identified any defective pixels with spectra that did not
have exactly three identified peaks, of which there were 192 out of 6400, i.e. 3%. These pixels,
along with their four neighbours, were excluded from data analysis due to the unreliability of
their collected data. The energy axes for the remaining pixels – initially in 400 bins in the range
of 0 to 4000ADU– were thus converted into 400 x 0.25keV energy bins in the range of 0 to
100keV; a low energy threshold of 5keV (or 199ADU) was also applied to eliminate detector
noise [277].

*
†

ADU = analog-to-digital unit.
Provided by Dr Robert Moss; private communication.
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In order to calculate the diffraction angle at each pixel, it was first necessary to determine the
position of the X-ray beam centre (positioned just off one corner of the detector) and the
sample-detector distance. The diffraction data from a caffeine sample (sample 1 from Table 3.2;
scanned for 1 hour), positioned on the sample stage where the pharmaceutical samples were
later scanned, was used for this purpose. The resulting diffraction image was plotted in Matlab
for energies windowed such that one of the caffeine diffraction rings intersecting the detector
was visible, and the beam centre was determined by fitting a circle through this ring. The beam
centre was thus found to lie at 1.4mm below and 1.2mm to the left of the bottom left corner. The
sample-detector distance was then established by adjusting an initial starting value (based on a
rough measurement to the estimated position of the detector crystal within the casing) in the
HEXITEC data processing script* until the resulting caffeine XRD spectrum had its major peaks
at the correct momentum transfer values (0.67 and 1.47nm−1). The sample-detector distance was
thus found to be 138mm.

Figure 2.13 Angular range covered by the HEXITEC in miniPixD; showing excluded pixels

Using the above values, the pixels were calculated to cover an angular range between 0.6 and
11.6 – as illustrated in Figure 2.13. These parameters were saved into the HEXITEC data
processing script that was then used for all data collected on the miniPixD. This code carried out
the conversion of each energy spectrum to momentum transfer space (using equation ( 4 )), and
summed counts across all pixels. Since some scattering angles and therefore momentum
transfer values were represented more than others, a correction was also included to account
for this [276].

*

Developed by Dr Daniel O’Flynn and Dr Robert Moss.
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Despite the difference in detector energy resolution, when the FWHM of peaks from caffeine
profiles collected using the earlier EDXRD setup B were compared to those acquired using
miniPixD, the latter were found to offer marginally better spectral resolution [276].

2.2.2

X-ray source

A SenTek 9001 X-ray tube with tungsten target and 0.2mm diameter focal spot, filtered by a
120m Be window, had been chosen for this system due to its compact size (longest dimension
20cm) and weight (8kg). Both this X-ray source and the on-board PC were cooled by a waterbased coolant which was circulated through the components by a pump, and cooled by a
radiator and PC fans (the “water cooling assembly” in Figure 2.12). In order to use the source
for IGXRD, the primary collimator (2mm-thick lead) positioned 37mm from the X-ray source
focal spot had both a 1mm × 20mm slot for imaging, and a 0.6mm pinhole for diffraction. The
pencil beam resulting from the latter was further collimated by a 0.6mm pinhole in 2mm-thick
lead, positioned 235mm from the primary collimator (“secondary collimation” in Figure 2.12),
such that the incident beam diameter at the sample was approx. 1mm [277]. There was no
detector-side collimation in this system.
Initially, data were acquired using the X-ray source at its maximum operating voltage and
current of 80kV and 2.0mA respectively. However, the source was found to suffer from
occasional power cut-outs when monitored over longer periods of time. There was no
indication that the source was overheating, but in order to reduce the suspected strain on the
miniPixD power supply, the tube was operated at 72kV and 0.7mA instead.
Furthermore, measurements on pharmaceutical tablets highlighted the issue that a large
amount of background scatter was masking diffraction features in the collected spectra. This
was found to be caused by the X-rays emerging from the larger slot collimator beside the
pinhole collimator on the X-ray source. Therefore, the slot was covered with lead throughout
the diffraction experiments. It was not removed at any point because tests showed that, in the
current setup, it was not possible to replace the lead cover reproducibly such that the
background was constant. In addition to this, 2 x 0.5mm-thick sheets of aluminium were
positioned immediately prior to the secondary collimation of the beam to cut the number of
low-energy photons reaching the detector – effectively reducing a large background peak at the
low momentum transfer end of the resulting XRD spectra.
Despite these modifications being made, problems with the reproducibility of data collected for
the same sample on different days – and over long periods on the same day – became apparent.
The system stability was consequently tested by leaving the X-ray source and detector switched
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on for approx. 17 hours, with the collected data divided into 100 x 10-minute snapshots. The
energy spectrum from each snapshot was subtracted from that of the final ten minutes
(presumed to be once the system had stabilised), and the absolute differences in counts for each
energy bin were summed and plotted (see Figure 2.14). These absolute differences did not fall
below ~4000 counts in total due to the baseline noise level in the spectra. Figure 2.14 suggested
that approx. 4 hours of waiting time was required for the system to reach levels of greater
stability after switching on. Thus, by introducing this waiting time prior to data collection, the
reproducibility of spectra was much improved.

Figure 2.14 System stability test over 1000 minutes

2.2.3

Sample positioning

Samples were moved remotely by controlling the set of linear stages in the plane perpendicular
to the X-ray beam via Matlab (R2015a, MathWorks). A raster-scanning Matlab script* was used
to repeatedly move the sample in a 3mm x 3mm or 6mm x 3mm raster (with 0.5mm increments
between rows), depending on pill shape. A central starting position for both caplet and tablet
raster scans was determined by firstly using a sheet of X-ray fluorescent Lanex positioned on
the sample stage to image the X-ray beam position, and overlaying this image onto a real-time
image of the pill (captured by webcam from inside the radiation laboratory) as it was moved.

*

Provided by Dr Robert Moss; private communication.
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2.2.4

Sample imaging

Lastly, a linear detector array (gadolinium oxysulfide scintillator) on board the miniPixD could
be used for transmission imaging. This was performed with the X-ray source set at the same
operating parameters as for diffraction. A graphical user interface (GUI) had been made to
allow users to image a sample and pick a point of interest, for it to position the sample
appropriately for a diffraction measurement to be made. The 2Easy software for the HEXITEC
was then used for data acquisition. Note that the lead cover introduced in section 2.2.2 (to
reduce background scatter) was removed prior to imaging.

2.3 Chemometrics
2.3.1

Principal components analysis (PCA)

Chemometric methods were introduced in section 1.3.2.2 as being useful for the purposes of
analysing large datasets of spectra to extract useful information. Within such studies, PCA is
often performed for exploratory data analysis and unsupervised pattern recognition (i.e.
without prior knowledge of classes). PCA effectively summarises the data by re-plotting it onto
an alternative set of axes – the principal components (PCs) – using linear combinations of the
original spectral variables. The first PC describes the direction of maximum variance, with each
subsequent PC describing as much of the residual variance as possible whilst being orthogonal
to all others, until all variation is described. This process is illustrated by a simple case in Figure
2.15, noting that although only three variable axes are shown in the left-hand plot, there would
be many more in the case of a spectrum, where each wavelength or energy contributes an
additional orthogonal axis. There can be as many PCs as (N-1), where N is the number of
samples, but because the amount of information contained in each decreases as higher PCs start
to explain noise rather than the pattern(s) of interest (if any), it is useful to select the number of
PCs that best describes the data whilst leaving out any background contributions.
If we take the matrix of all spectra for the samples (X) this decomposition can be described
mathematically by the following equation:
X = TPT + E

( 10 )

where T is called the scores matrix and P is the corresponding loading matrix; TPT is the
summarised version of X. The residuals not described by the model of the chosen number of
PCs are contained in matrix E (i.e. the background and noise).

69

Figure 2.15 Schematic of PCA transformation (adapted from [280])

The scores matrix is composed of vectors which designate the positions of each sample along a
particular PC, and by plotting these scores for two or three PCs, the similarities and/or
differences between samples can be visualised. The loadings describe how much each variable
from the original coordinate system contributes to each PC, if at all – they can be thought of as
the transformation matrix between the original variable space and PC-space. The greater in
magnitude the loading of an original spectral variable for a particular PC, the more it
contributes to determining the score of a sample on this PC. Therefore, interpretations of what
real-world phenomena the PCs correspond to can be attempted by plotting the loadings for a
particular PC against spectral variables. The largest loadings, corresponding to the most
important diagnostic variables, in such a plot may help indicate the presence of a certain
material in a mixture.
The decision as to how many PCs to retain for modelling the system is made by considering
various factors, the most important of which are [281]:


the plot of percentage explained variance vs number of PCs used, which increases with
each additional PC, providing a measure of the overall modelling error, and is used to
find at what point PCs no longer contribute significantly to describing the variance in
the data;



the plot of residuals vs variable number, showing how much of a particular
measurement variable is not explained by a given number of PCs – should be random
noise once enough PCs have been applied to describe features of interest;



the loadings plot for any given PC, which is used to determine if the features described
by the PC are worth retaining for the purposes of the experiment.
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In Chapters 3 to 5 of this thesis, PCA models were calculated using both The Unscrambler
software (v.9.5, CAMO) and Matlab (R2017b, MathWorks, using the inbuilt pca function), which
gave the same results.

2.3.2

Partial Least-squares Regression (PLSR)

PLSR is another method of data reduction which can be applied to large spectral datasets in
combination with known response variables, such as concentrations. A calibration model is
built such that the PLS-factors – analogous to PCs – account for the maximum covariance
between the concentration matrix Y and spectral variables X, to find B, the matrix of regression
coefficients for each PLS-factor:
Y = XB + F

( 11 )

where F is the y-residuals matrix, describing any variation in concentrations not explained by
the number of PLS-factors used in the model.
All calibration models must be validated to assess the suitability of data pre-treatments (if any),
as well as for choosing the optimum number of PLS-factors to retain for the model for use in
future predictions. A common method called full cross-validation (or “leave-one-out”
validation) was used in this thesis; the model is calibrated repeatedly whilst leaving out one
sample spectrum, until all n training set samples have been left out in turn. The differences in
the predicted y (ŷ) and actual y for this “left-out” sample, i.e. the y-residuals (ŷi – yi), are used to
calculate the residual y-variance, i.e. the concentration variance:
𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑦 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 =

∑(𝑦̂𝑖 –𝑦𝑖 )2
𝑛−1

( 12 )

and the root mean-square error of cross validation (RMSECV) is calculated from its square root:
𝑅𝑀𝑆𝐸𝐶𝑉 = √

2
∑𝑛
𝑖=1(ŷ𝑖 −𝑦𝑖 )

𝑛−1

( 13 )

The points where both the RMSECV and residual concentration variances vs number of PLSfactors stopped decreasing sharply were used to help identify the optimal number of PLSfactors for predicting the concentration of each mixture component. To avoid the risk of overfitting the data, the smaller number of PLS-factors was preferred where this point was not
clearly defined. In addition, m test set samples were used to assess the PLSR models’ prediction
performance by calculating root mean-square errors of prediction (RMSEP):
𝑅𝑀𝑆𝐸𝑃 = √

2
∑𝑚
𝑖=1(ŷ𝑖 −𝑦𝑖 )

𝑚

( 14 )
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Diagnostic plots suggested by Beebe et al. [281] were used to check the samples for outliers. In
the plot of studentised concentration residuals* vs sample leverage†, samples with studentised
residuals greater than ±2.5 and leverages greater than three times the average would normally
warrant further attention. The plot of concentration residuals vs predicted concentrations was
also used to check whether the residuals were not concentration-dependent (the ideal case is
when the points vary randomly about a line of zero slope and zero intercept).
In Chapter 3 of this thesis, PLSR calibration models were constructed and validated using the
“regression” function of The Unscrambler software.

2.3.3

Soft Independent Modelling of Class Analogy (SIMCA)

SIMCA is a popular classification method based on PCA models constructed for each class,
with their optimum number of PCs determined in advance. Each PCA model should be
constructed from a training set of samples to cover the expected variability within classes in
present and future samples – or updated to maintain this information. The concept of SIMCA is
illustrated in Figure 2.16 – the classification of a sample of unknown composition is based on
the closeness of its spectrum to one or more PCA models included; it is possible for it to be
unclassified, or classified as one or multiple classes. In Chapters 4 and 5 of this thesis, SIMCA
classifications were performed using The Unscrambler’s “classify” function, after first creating
relevant PCA models in the same program.

Figure 2.16 Schematic of the SIMCA method from Sirven et al. [282] showing PCA models for spectra of
3 sample classes (visualised in a 3-wavelength space); ■ is an unknown spectrum to be classified

Studentised residuals have been divided by the concentration standard deviation and √1 − 𝐻𝑖 and are in
units of standard deviations from the mean, such that they can be compared on a common scale.
† Leverage (Hi) is a measure of how different a sample is from the others in the dataset, and thus a measure
of its influence on a model.
*
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In The Unscrambler, samples are recognised as belonging to a particular class if they fall within
model-dependent limits for both the sample-to-model distance (Si) (orthogonal distance from
the sample to the class as defined by its PCs) and the sample leverage (Hi)† [283]. The former
threshold is calculated as follows:
𝑆𝑚𝑎𝑥 = 𝑆0 √𝐹𝑐𝑟𝑖𝑡 (1, 𝐼𝑐𝑎𝑙 )

( 15 )

where Ical is the number of samples used in the training set for the PCA model; Fcrit is the critical
value of the F-distribution for a given significance level and for the degrees of freedom in
parentheses; and S0 is the average distance within the model:
𝑆0 = √𝑡𝑜𝑡𝑎𝑙 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝑥 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒(𝑎)

( 16 )

where a is the number of PCs used in the model. The leverage limit is calculated using:
𝐻𝑚𝑎𝑥 = 3 ×

𝑎+1
𝐼𝑐𝑎𝑙

( 17 )

A Si vs Hi plot for all test samples that includes the Smax and Hmax limits can thus be used to see
where the samples lie relative to these thresholds, and visualise the classification process. The
significance level was initially set to 5% – what is normally used in statistics [283] – meaning
there was a 5% chance that a sample would fall outside the class when it belonged to it (a false
negative), and 95% of samples which truly belonged would fall within the class. In later
experiments, classification results using the more restrictive 10% significance level were also
recorded, as this decreased Fcrit and hence Smax.
SIMCA classifications were validated using both a “positive” test set (the “authentic” samples
left out from the training set used for the PCA model), and a set of “negative” control samples
(the “poor-quality medicine” analogues). The results were compiled such that the sensitivity
(ratio of true positive classifications to the number of positive test samples), and specificity (ratio
of true negative classifications to the number of all negative control samples) of each SIMCA
classification could be compared. Note that these were the definitions used in this particular
thesis – other authors occasionally use the reverse meanings of “positive” and “negative” in the
context of medicines authentication [159].

2.3.4

Pre-processing

For the most part, the analyses contained in this thesis focus on the use of raw XRD data for
plotting, and mean-centred data when using chemometric methods. Mean-centring is
commonly applied as standard and thus does not always appear to be clearly stated when used
in the literature. It is calculated by subtracting the average value for each variable within the
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calibration set from its corresponding variable. In addition to this, some further data pretreatments were performed to test their effect on the results of PLSR (in Chapter 3), and are
described below.
Multiplicative scatter correction (MSC) is a transformation that is applied to remove
multiplicative (i.e. amplification of counts) and/or additive (i.e. offset of counts) scatter effects
caused by different particle sizes, path lengths, and background effects. It was originally
designed for light-based systems such as NIR spectra, but has been found to improve results
when applied to other analytical techniques [281]. Initially, the number of counts for each
variable for each sample may be plotted against the mean number of counts for that variable to
provide a diagnostic plot – different gradients or offsets for different samples are indicative of
multiplicative scatter effects. If required, a regression is fitted to these data such that the slope
accounts for the common amplification, and the y-intercept for the common offset. This
correction is then applied to the full spectra, and any test set spectra, prior to chemometric
analysis [283,284]. Standard normal variate (SNV) is a related and commonly used method
where individual spectra are mean-centred and scaled by the standard deviation of values of all
variables for the spectrum. It is similar to MSC in that it is also applied to remove scatter effects,
but may be favoured over MSC as it performs this transformation using data from individual
spectra instead of the entire dataset – and thus does not require re-calculating with the addition
of further samples [285].
A first-order derivative pre-treatment was also trialled, as this has been known to correct for
baseline drift in spectra [286]. Savitzky-Golay derivatives were calculated in The Unscrambler;
this performs a least-squares fit of a polynomial at each point in the spectrum to smooth the
data before taking the derivative of the fitted polynomial. The window used for smoothing
needs to be chosen carefully such that it is not too narrow (and not removing noise) nor too
wide (and removing features of interest). A downside with this type of pre-processing is that it
can be difficult to relate the results of PCA or PLSR analysis on these data back to the original
data.
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Chapter 3: Controlled Mixture Tests

3.1 Background
Firstly, the question of whether laboratory-based EDXRD systems were inherently able to detect
changes in quantities of chemicals commonly found in pharmaceuticals needed to be addressed.
This was a concern as EDXRD spectra collected from these systems suffer from a loss of
resolution compared to ADXRD data, as mentioned in section 1.3.1.2.. PLSR was therefore
applied to test whether EDXRD spectra from calibration mixtures of known concentrations
could be used to quantify the contents of unknown samples from their spectra.
There are numerous examples of spectroscopic techniques being combined with PLSR in this
way for the quantitative analysis of pharmaceutical mixtures. Raman in particular is a popular
method due to its ability to detect polymorphism and to probe consolidated mixtures
[25,198,287–289]. One such study looked at ternary mixtures of paracetamol, starch and sucrose,
covering a range of concentrations between 0 and 80weight%. Their Raman spectra were
acquired through blister packaging to construct a PLSR model, resulting in a RMSECV of
1.4weight%. The authors reported the potential application to counterfeit medicines detection,
amongst others [289].
A summary of publications that combine ADXRD with PLSR on pharmaceutical mixtures is
presented in Table 3.1. It is noteworthy that none of the study authors mentioned the potential
application of this method to the problem of counterfeit and substandard medicines, but were
instead interested in areas such as quality control of raw chemicals, or comparisons to other
analytical techniques. A few of the studies cited in Table 3.1 also compared PLSR to univariate
quantification methods; for example, Croker et al. found a significant improvement when using
the former (RMSEP of 1.81 vs 6.71weight%) [251]. This was attributed to the use of the full
spectrum as opposed to individual peaks that suffered from preferred orientation effects.
As far as the author is aware, there are no previous studies on the non-destructive quantitative
analysis of pharmaceutical mixtures using EDXRD spectra combined with chemometric
methods.
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Materials

Preprocessing

PLSfactors

RMSECV
(weight%)

Carbamazepine (CBZ)
anydrate and dihydrate

MSC

2

2.93

Famotidine forms A and B

Scaled,
smoothed, and
1st derivative

2

1.450

Piracetam forms II and III

None

1

2.17

Crystalline and amorphous
tacrolimus formulations

None

2

1.092 / 1.20

Quantification for potential use in monitoring conversion of amorphous API to
crystalline form in formulations (to assess shelf life)

[256]
/[257]

Crystalline and amorphous
diltiazem hydrochloride
formulations

None

3

3.85
(segmented
CV)

Quantification for potential use in monitoring conversion of amorphous API to
crystalline form in formulations (to assess shelf life)

[249]

Ranitidine HCl forms I, II
and amorphous

MSC, and not
mean-centred

4

4.6 - 6.5

Quantification for quality control. Compared to Raman: RMSECV = 2.3% - 4.4%
with SNV and mean-centring, using 3 PLS-factors

[233]

CBZ forms I and III,
saccharin, and CBZsaccharin co-crystal

Areanormalised
then smoothed

3

1.0 - 3.7

Quantification for potential use in manufacturing quality control. Compared to
FTIR: RMSECV = 0.5% - 7.0% with SNV and smoothing

[258]

Theophylline (API), lactose,
mic. cellulose, starch

None

1 (API)
or 3

3.71 - 7.15

Quantification in intact pharmaceutical samples; tablets pressed with range of
pressures with minimal change in results

[246]

Aspirin, paracetamol,
ibuprofen, caffeine

SNV

3

4.3 - 7.1

Quantification using fused data from ADXRD & FTIR; fused data was very
similar, and FTIR-only gave RMSECV = 10.0% - 13.7% (using parts of spectra)

[214]

Aims and observations
Quantification of anhydrate after exposure to water. Compared to Raman:
RMSECV = 1.06%
Quantification for potential industrial applications; model excluded one peak
with large intensity variations. Compared to Raman: RMSECV = 1.560, but
using three bands of spectra
Simple quantification; model excluded peak with large intensity variations.
Raman and NIR gave better results (1.06% and 1.11% respectively) but using
MSC and 2nd derivative pre-processing

Table 3.1 Studies on ADXRD (reflection geometry) and PLSR; mean-centring presumed and full-cross validation used unless otherwise stated

Ref

[255]

[215]

[251]

3.2 Methodology
3.2.1

Sample preparation

Paracetamol (Acetaminophen BioXtra, ≥99.0%; Sigma Aldrich), caffeine (ReagentPlus®; Sigma
Aldrich), and microcrystalline cellulose (average particle size 50μm; Acros Organics) were all
used as received. The former two are common APIs, and the latter, a common excipient used as
a dilutant. The paracetamol was confirmed to be polymorph form I, as used in solid oral dosage
forms. Microcrystalline cellulose has an XRD pattern that is representative of other common
excipients in terms of its peak broadness and momentum transfer range, as shown in Figure 3.1.

Figure 3.1 ADXRD spectra of some commonly used excipients (data collected by author)

These three chemicals were weighed and combined in the ratios shown in Table 3.2 to make up
1.00g of each mixture. This calibration mixture design, shown by the filled triangles in Figure
3.2, was created using the design wizard in The Unscrambler (v.9.5, CAMO). A test set of
samples T1-T6 was also made, in a similar fashion to what has been reported in other studies
[215,251], and taking into account Esbensen et al.’s recommendation that the test set should be
at least 25% the size of the training set [283].
Each sample mixture was ground with an agate mortar and pestle for three minutes to mix
thoroughly and to reduce particle sizes – with the aim to decrease preferred orientation effects
[215]. More vigorous mixing techniques such as milling were avoided to prevent potential
polymorph phase transitions [215,222,233,251]. Sieving was also avoided as the paracetamol
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powder exhibited a build-up of electrostatic charge when ground, making it difficult to handle;
this additional step also risked introducing artefacts resulting from selecting particles of a
certain size [246,290].
400mg of each mixture was transferred to a 13mm-diameter die and pressed into tablets using
an automated Speca Press. A 1-ton load (equivalent to 67.0MPa; used by Moore et al. [246]) was
applied, with a dwell time of two seconds before the pressure was released. The compacted
tablets were then extracted carefully from the die.
Sample

Caff

Para

Mic. cell.

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
Cent
T1
T2
T3
T4
T5
T6

100
80.0
80.0
60.0
60.0
60.0
40.0
40.0
40.0
40.0
20.0
20.0
20.0
20.0
20.0
0.00
0.00
0.00
0.00
0.00
0.00
33.3
80.0
10.0
10.0
53.3
23.3
23.3

0.00
20.0
0.00
40.0
20.0
0.00
60.0
40.0
20.0
0.00
80.0
60.0
40.0
20.0
0.00
100
80.0
60.0
40.0
20.0
0.00
33.3
10.0
80.0
10.0
23.3
53.3
23.3

0.00
0.00
20.0
0.00
20.0
40.0
0.00
20.0
40.0
60.0
0.00
20.0
40.0
60.0
80.0
0.00
20.0
40.0
60.0
80.0
100
33.3
10.0
80.0
80.0
23.3
23.3
53.3

Table 3.2 Percentages of each material used in samples
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Figure 3.2 Mixture design showing amounts of each chemical in each sample

Over-the-counter (OTC) medicines were also purchased for testing: Boots Paracetamol Extra
tablets (65mg caffeine, 500mg paracetamol, 5.75mm thick), Panadol Extra Advance tablets
(65mg caffeine, 500mg paracetamol, 5.75mm thick), and Bayer’s Pro Plus tablets (50mg caffeine,
3.07mm thick). A tablet from each was removed from their blister packs, and the Boots and
Panadol tablets were sliced to reduce their thickness to approximately 3mm before analysis,
making them more comparable to the pressed tablets’ and Pro Plus tablet’s thicknesses.

3.2.2

Sample scanning

All samples were scanned in triplicate, with a different part or side of the tablet scanned each
time, in the EDXRD setup A described in section 2.1.1. In the initial scans, a preferred
orientation effect was evident in all samples containing paracetamol, with some peaks showing
large variations in intensity between scans. Rotating the sample was not an option in this
experimental setup, nor would it be suitable for the ultimate goal of scanning whole tablets in
packaging. Others have overcome this issue by either shaking samples or by scanning at
different points to smooth out discrepancies [242,291]. In this instance, a set of translation stages
was added and used to scan all paracetamol-containing tablets in 30 positions for 10s/step (see
section 2.1.1). This step-scanning procedure was also used for paracetamol-containing tablets in
the “packaging” configuration, as well as the test set of tablets, which all contained paracetamol.
The OTC medicines were scanned in a fixed position for 300s.
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3.3 Results and Discussion
3.3.1
3.3.1.1

Exploratory data analysis
Preferred orientation effect

The collected spectra were initially processed and plotted using Matlab (R2017b, MathWorks).
The spectra for samples 2 and 11 in Figure 3.3 demonstrate how there was a great improvement
in the repeatability of data acquired whilst step-scanning, although preferred orientation was
still evident in samples with a high paracetamol content (e.g. sample 11 was 80% paracetamol).
Otherwise, the raw spectra did not reveal any unusual features upon initial inspection.

Figure 3.3 Examples of triplicate scans exhibiting preferred orientation: sample 2 (A) without and (B)
with step-scanning; sample 11 (C) without and (D) with step-scanning

3.3.1.2

Attenuation effects

Tables of mass attenuation coefficients (µ/) for energies up to 60keV were obtained by
inputting the formulae of the three chemicals of interest into the FFAST database available on
the NIST website [230]. The densities () of caffeine, paracetamol and microcrystalline cellulose
were calculated to be 1.23, 1.26, and 1.46gcm-3 respectively from measured volumes and masses
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of samples 1, 16 and 21 (i.e. the pure materials). It was noted that these values matched reported
densities of these materials, so it could be assumed that the powders had been compacted
sufficiently without leaving voids in the tablets. The linear attenuation coefficients (µ) could
then be calculated, and along with the measured tablet thicknesses (x), were used to calculate
the percentage of X-rays transmitted through a sample using the Beer-Lambert equation
(equation ( 5 ) in section 1.3.1.3). The resulting plot in Figure 3.4 reveals that for all three of these
organic materials, X-ray transmission reaches >99% for incident X-ray energies >12keV (0.53nm-1
in this system). It warrants mentioning here that the Cu K X-rays (8.04keV) commonly used in
ADXRD would suffer much more from attenuation if used in transmission mode for tablets of
this thickness. The characteristic lines from the tungsten X-ray source, as well as a weak caffeine
diffraction peak, fell in this <0.53nm-1 region of the spectra. Therefore, a comparison was made
between the effect of both omitting and including this region – dubbed “short” and “long”
spectra, respectively – in the PLSR analyses below.

Figure 3.4 Calculated percentage transmission for pure materials in pressed tablet form

It was expected that much of the self-attenuation effect on diffracted X-rays could be discounted,
and this was tested by comparing the spectra collected experimentally from the mixtures to
those calculated from combinations of pure material spectra in their corresponding ratios. For
example, (0.6 x sample 1 spectrum) + (0.2 x sample 16 spectrum) + (0.2 x sample 21 spectrum)
should correspond to the sample 5 spectrum if this assumption was valid. Indeed, the resulting
plots in Figure 3.5 demonstrated that any variations in attenuation caused by the different
amounts of each chemical in the actual mixtures were small enough that this did not noticeably
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affect the spectra; it was a preferred orientation peak that produced a more significant
difference between the calculated and experimental spectrum in the case of sample 11.

Figure 3.5 EDXRD profiles from combinations of pure material spectra compared to experimental data

The aluminium and plastic (normally PVC [292]) used in blister packaging, plus the card (i.e.
cellulose) of outer packaging also contributed to the attenuation of X-rays. Furthermore, the
plastic and card contributed weak, broad diffraction peaks in the 0.6 - 1.6nm-1 range. On the
other hand, diffraction peaks from metals fall at higher momentum transfer values due to their
significantly smaller d-spacings; the aluminium diffraction peaks occurring >2.1nm-1 would
therefore not have affected the diffraction peaks of interest.
The linear attenuation coefficients of the packaging materials were calculated assuming the card
contained cellulose only. The nominal densities of Al and PVC were 2.70 and 1.40gcm-3
respectively [293]. For card, a range of densities (min. 0.35, max. 0.9gcm-3) were used as a rough
guide, based on the quoted grammage of “cereal carton clay-coated recycled board” in [294].
The Al foil thickness was presumed to be 0.03mm (a mid-range thickness [211]), and measured
thicknesses for PVC (0.25mm) and card (0.76mm total – as there was card on both faces of the
tablets) were used to calculate the percentage X-ray transmissions plotted in Figure 3.6. Here,
>99% of X-rays were found to be transmitted when incident X-ray energies were greater than
11keV (i.e. 0.49nm-1) – bearing in mind that the values used were based on estimates. Overall,
the packaging would have primarily attenuated peaks at lower energies only.
On a separate note, spectral corrections to account for the X-ray tube spectrum shape (shown in
Figure 2.5) were not applied here, as a simple multiplication of all spectra would be discounted
by the chemometric methods used.
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Figure 3.6 Calculated % transmission for packaging materials

3.3.1.3

Unpackaged samples

The raw spectra collected for unpackaged samples were exported into The Unscrambler
software, and PCA was initially carried out on all mean-centred, “long” spectra for the triplicate
scans of the 22 samples in the training set. The scores plot for PC1 (describing 92% of the
variance) against PC2 (5.6% variance) in Figure 3.7 demonstrated how this unsupervised
technique clearly separated the sample spectra into their correct positions in the mixture design
(compare to Figure 3.2). The points corresponding to repeat scans shown here were found to be
far more closely grouped than in earlier results prior to the introduction of step-scanning.
Interestingly, samples 11 and 17 – both containing 80weight% of paracetamol – still showed a
greater variation between repeat scans compared to other samples in Figure 3.7, whereas the
pure paracetamol (sample 16) spectra were closely matched. A possible explanation for this is
that introducing 20weight% of caffeine or cellulose to the mixture – with particles of different
shapes and sizes – encouraged the paracetamol crystals to align in certain directions,
exacerbating the preferred orientation effect in these mixtures. It was not thought to be caused
by a reduction in the homogeneity of mixtures, as the general shape of the repeat spectra were
closely matched. Samples 12 and 18 also displayed a similar behaviour.
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Figure 3.7 PC1 vs PC2 scores from PCA on triplicate raw spectra of unpackaged samples
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Figure 3.8 PC1 vs PC2 scores from PCA on mean raw spectra of unpackaged samples

The mean spectrum for each sample was calculated, and PCA was repeated, resulting in the
PC1 vs PC2 scores plot shown in Figure 3.8. The explained variances for PCs 1, 2 and 3 were
93%, 5.6% and 0.47% respectively. The caffeine composition dominated the variation between
spectra in PC1, which can be explained by the strong diffraction peaks of caffeine that very
distinctly confirm its presence in a mixture. The link between PCs and mixture composition was
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made clearer by plotting the loadings of the PCs and comparing these to reference spectra
(generated using Mercury v.3.9 [238] and CSD-NIWFEE05 (caffeine), HXACAN18
(paracetamol) and JINROO05 (cellulose) [239]), as shown in Figure 3.9. The peaks seen in the
PC1 loadings closely match the positions of caffeine diffraction peaks. Similarly, the PC2
loadings appeared to pick out the paracetamol peaks from the remaining variation in the
spectra. Although PC3 had a very low percentage of explained variance, its loadings appeared
to describe the remaining contribution to the variation between spectra from microcrystalline
cellulose.

Figure 3.9 Loadings plots for PCs 1-3 from PCA on mean raw spectra of unpackaged samples, compared
to reference spectra
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Figure 3.10 Examples of PC loadings that contained peaks matching preferred orientation effects

Some of the higher PCs’ loading plots showed evidence of the preferred orientation exhibited
by certain samples containing paracetamol. For example, PC5 (N.B. only 0.10% explained
variance) has some peaks in its loading plot that match the position of some of the “peakiness”
in sample 12’s spectrum (60weight% paracetamol); PC6 (0.06% explained variance) did the
same for sample 11 (80weight% paracetamol), as shown in Figure 3.10. This meant that by
selecting only the lower number of PCs (or PLS-factors) in PCA (or PLS) to model the mixtures,
classification and regression could be carried out without being influenced by these preferred
orientation effects.
3.3.1.4

Packaged samples

The overall effect of the introduction of packaging can be observed by comparing the
unpackaged and packaged spectra of any sample, as shown in Figure 3.11. There was a drop in
intensity at the lower momentum transfer range (particularly noticeable in the tungsten L-lines)
due to greater attenuation of lower energy X-rays. There was also a visible rise in counts at
higher momentum transfer values due to the additional scatter. This interplay between
additional attenuation effects as well as additional scatter meant that a simple subtraction of the
unpackaged from the packaged spectra would not result in the “package-only” spectrum.
The same PCA treatment as above was carried out using the mean raw spectra for all packaged
samples, giving the scores plot shown in Figure 3.12. The explained variances for the first three
PCs were 90%, 8.1% and 0.74% respectively. The loading plots for these three PCs were found
to be very similar to those for the unpackaged samples, indicating that the presence of
packaging had not obscured the diffraction features of interest in the spectra.
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Figure 3.11 Comparison between EDXRD spectra for examples of unpackaged and packaged samples
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Figure 3.12 PC1 vs PC2 scores from PCA on mean raw spectra of packaged samples

3.3.2
3.3.2.1

Model Calibration
Unpackaged

PLSR was used for model calibration using the mean spectra for the 22 samples in the training
set, plus the nominal concentrations of mixture components as Y-variables. Both “short” and
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“long” spectral regions were studied, as discussed above. The former corresponded to 12.2 40.3keV, or 0.538 - 1.78nm-1; the latter encompassed the full range of the X-ray tube spectrum i.e.
4.02 - 56.6keV, or 0.178 - 2.50nm-1.
The models were validated using both full cross validation and test set validation. The
optimum number of PLS-factors was then chosen by taking into consideration the diagnostics
that were presented in section 2.3.2, and the corresponding RMSECVs and RMSEPs are
presented in Table 3.3. MSC and SNV were also applied as pre-processing methods to assess
their effect. The results of taking the 1st derivative of the spectra, using Savitsky-Golay
smoothing with an 11-point window size and a 1st order polynomial fit, are also presented; the
2nd derivative of the spectra were found to give significantly worse results.
During the course of this analysis, it became apparent that in many cases the RMSEP was better
than RMSECV, which can be explained by the fact that the test set that was used was in a region
of the mixture design that was well described by the calibration model. Swapping samples
between test set and training set caused some variation in results, but even when using samples
1, 2, 3, 11, 15, 16, 17, 20, and 21 (at the three extremities of the mixture space) as a test set and the
remainder as a training set, the results were very similar (for raw, “long” spectra, RMSECV /
RMSEP for caffeine: 1.60 / 2.33; paracetamol: 2.63 / 3.55; microcrystalline cellulose: 2.10 / 3.83),
demonstrating the robustness of the model.
Diagnostic tools (described previously in section 2.3.2) were also applied to check for sample
outliers in the PLSR model built from the raw, “long” spectra. Although samples 2 and 14 had
studentised concentration residuals that were slightly higher than recommended (for caffeine
and for microcrystalline cellulose, respectively) none of the sample leverages were over the
suggested limit of three times the average, thus none of the samples were considered outliers.
The overall model was checked by plotting concentration residuals (predicted minus measured)
against predicted concentrations; these should be randomly distributed about zero. In Figure
3.13 a fanning effect was observed in the case of caffeine, where higher predicted concentrations
resulted in less accurate predictions. In particular, the sample 2 concentration was noticeably
overpredicted, whereas sample 1 was underpredicted. This effect was not improved
significantly by the addition of more PLS-factors to the model describing caffeine concentration.
The plots for paracetamol and microcrystalline cellulose displayed a better distribution of
residuals.
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RMSECV /
RMSEP
(weight%)

Raw

MSC

SNV

1st derivative

Caffeine

2.00 / 1.82 (2)
1.99 / 1.77 (2)

3.88 / 1.89 (3)
3.68 / 1.92 (3)

2.57 / 1.19 (3)
2.54 / 1.23 (3)

2.34 / 1.95 (1)
2.34 / 1.96 (1)

Paracetamol

2.41 / 3.36 (2)
2.58 / 3.87 (2)

4.22 / 1.88 (3)
4.47 / 2.05 (3)

3.66 / 3.05 (2)
3.78 / 2.99 (2)

2.26 / 1.80 (2)
2.39 / 1.98 (2)

Mic. cellulose

1.78 / 2.44 (3)
1.97 / 2.78 (3)

5.54 / 2.40 (2)
5.85 / 2.43 (2)

4.00 / 2.73 (2)
4.47 / 2.74 (2)

1.85 / 2.89 (2)
1.87 / 3.05 (2)

Caffeine

2.04 (2)
2.03 (2)

1.47 (2)
1.46 (2)

1.94 (2)
1.94 (2)

1.84 (3)
1.84 (3)

Paracetamol

2.88 (3)
2.89 (3)

3.52 (2)
3.51 (2)

3.13 (3)
3.10 (3)

2.59 (3)
2.58 (3)

Mic. cellulose

2.20 (3)
2.26 (3)

2.71 (2)
2.69 (2)

2.10 (3)
2.11 (3)

2.92 (2)
2.92 (2)

Unpackaged

Packaged

Table 3.3 Results of PLSR: RMSECV from training set / RMSEP from test set (where applicable); “short” spectrum results in italics in each case; and number of PLS-factors used
in parentheses. All models mean-centred.

Figure 3.13 Diagnostic plots of Y-residuals vs predicted Y for raw, “long” spectra of training set only

The difference between using the full spectrum or excluding the region containing the
characteristic L-lines was found to be marginal, with the “short” spectra giving slightly worse
results overall. This seemed to suggest that there was some information contained within this
missing part of the spectra that made the model a better predictor when using the “long”
spectra, even though attenuation corrections for each individual sample had not been made in
this lower-energy region.
A calibration model was also constructed using the spectra in the region greater than 18.8keV
(0.83nm-1) only, in an attempt to avoid the influence of the strong caffeine peak whilst leaving
the 1.47nm-1 peak to model caffeine concentration. However, the results deteriorated
significantly, presumably due to the loss of important spectral information including that from
overlapping parts of the paracetamol spectra, so this procedure was not pursued further.
The application of MSC and SNV as pre-processing methods did not improve the model, as can
be seen from the similar or raised RMSEs in Table 3.3. For MSC, the diagnostic plot of spectral
value versus mean spectral value did not show any strong tendencies for different slopes or
offsets between samples, which indicated that it was probably not needed. In fact, this
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treatment resulted in the need for an additional PLS-factor to best describe the data. In the case
of SNV, oddly the caffeine was best described by the use of 3 PLS-factors – the loadings plot
showed that this 3rd factor contained additional information on the caffeine spectrum.
The 1st derivative of the spectra gave the best improvement, with similar RMSEs achieved using
fewer PLS-factors than for the raw data. This type of pre-treatment has been found to be
advantageous by correcting for baseline drift across profiles [283,286]. However, it has the
disadvantages of requiring a careful choice of the number of points to use for smoothing (which
would vary with different spectra containing sharper or broader peaks), as well as making
model interpretation more difficult.
In the absence of any significant improvement to the model performance from using pretreatments, the use of raw data was preferred. The predicted concentrations from crossvalidation and test set validation for the “long” spectra were plotted against nominal
concentrations for caffeine (Figure 3.14), paracetamol (Figure 3.15) and microcrystalline
cellulose (Figure 3.16). These plots showed that there was a strong positive correlation in all
cases. The paracetamol concentration predictions in Figure 3.15 were slightly more spread in
the lower concentration range, as expected by the slight variations in spectra from preferred
orientation that were not included in the calibration model. The RMSECV and RMSEP values in
Table 3.3 thus follow from this by showing that the largest errors were for paracetamol; the
caffeine and cellulose values exhibited smaller errors. Note that the nominal concentration
values are likely to differ from the actual concentrations due to errors introduced when
measuring the powders and due to possible inhomogeneity in the mixture; in a similar
experiment by Moore et al., the cumulative error in preparing such tablets was estimated to be 2
to 3%, therefore these results are statistically acceptable [246].
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Figure 3.14 Predicted vs nominal concentrations of caffeine for unpackaged samples; cross validation
(×) and test set (△) results; dashed line denotes where y = x

Figure 3.15 Predicted vs nominal concentrations of paracetamol for unpackaged samples; cross
validation (×) and test set (△) results; dashed line denotes where y = x
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Figure 3.16 Predicted vs nominal concentrations of cellulose for unpackaged samples; cross validation
(×) and test set (△) results; dashed line denotes where y = x

3.3.2.2

Packaged

The same methods that were used for the unpackaged dataset were applied to the mean spectra
for the packaged samples, with the resulting RMSECVs also presented in Table 3.3. The
predicted concentrations from cross-validation for the raw, “long” spectra were plotted against
nominal concentrations for caffeine (Figure 3.17), paracetamol (Figure 3.18) and
microcrystalline cellulose (Figure 3.19). Once again, these plots demonstrated that there was a
strong correlation between the two and that the model was performing well. Unfortunately,
due to an accidental loss of alignment in the EDXRD system prior to collecting data for all
packaged test samples, there are no RMSEP values.
RMSECVs for the PLSR model based on raw, “long” spectra were in general higher for the
packaged dataset than for the unpackaged case. There was a 20% and 24% increase on the
RMSECV values for paracetamol and microcrystalline cellulose respectively, but only a 2%
increase for caffeine. It is possible that some of the potential change in prediction error for
caffeine was mitigated by the greater effect of attenuation on its main peak (which had
previously adversely affected the “unpackaged” model as seen in Figure 3.13). A higher PLSfactor that described the effect of packaging could not be identified; as others have noted, it is
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possible that the interference caused by this additional component was not isolated in one
factor but could be present in a variety of PLS-factors, thus influencing the predictive ability of
the model [289].
The same diagnostic tools were applied to this model and once again there were no noticeable
outlier samples. The concentration residual vs predicted concentrations plot for caffeine no
longer displayed a strong “fanning” effect as seen previously – likely to be an effect of the
attenuation of the caffeine peak. Instead, the centroid sample stood out as having the greatest
concentration residual, but as it did not have a high leverage it was not considered to be
problematic.
The same pre-processing methods as above were trialled here, and the results have been
included in Table 3.3. The effect of MSC was more promising than for the unpackaged dataset,
but in general the three methods used gave a mixed response in terms of improving the
RMSECVs for one or two of the constituent chemicals whilst adversely affecting the other(s).
Furthermore, the difference between using the “long” and “short” spectra was marginal, due to
the attenuation of features at low energies by the packaging, thereby reducing their influence.

Figure 3.17 Predicted vs nominal concentrations of caffeine for packaged samples; dashed line denotes
where y = x
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Figure 3.18 Predicted vs nominal concentrations of paracetamol for packaged samples; dashed line
denotes where y = x

Figure 3.19 Predicted vs nominal concentrations of cellulose for packaged samples; dashed line denotes
where y = x
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3.3.3

Predictions

Additional concentration predictions were made in The Unscrambler using spectra from
samples of OTC medicines that contained one or both of the APIs used in the calibration above.
Note that this experiment was only carried out on unpackaged tablets.
Nominal API concentrations (in weight%) were calculated from the stated API mass divided by
the measured tablet mass. The nominal concentration errors were calculated using the error
when weighing tablets, and information from the British Pharmacopoeia monograph for
“paracetamol and caffeine tablets”, which allows for the actual amount of API to be ±5% of the
stated amount – although it was not known whether it was likely to vary to this extent in
practice. Similar information for caffeine-only tablets could not be found, so it was presumed
that variation in API percentage would be of the same range. Deviations of predictions are
computed by the software, and can be thought of as a 95% confidence interval around the
predicted value [295].
Nominal (weight%)

Sample
Panadol Extra
Advance
Boots Paracetamol
Extra
Pro Plus

Predicted (weight%)

Caff

Para

M. cell

Caff

Para

M. cell

8.6 ± 0.4

66 ± 3

-

7.2 ± 9.5

71 ± 12

-

10.0 ± 0.5

78 ± 4

-

7.7 ± 8.7

77 ± 11

-

31.3 ± 1.6

-

-

41 ± 13

-

-

Table 3.4 Prediction results for unpackaged tablets

The resulting predictions presented in Table 3.4 were generally close to the nominal
concentrations, although technically they are considered to be outliers as their large prediction
deviations reveal their different composition compared to the mixtures used for model
calibration. None of the samples used contained microcrystalline cellulose, and they all
contained a variety of other excipients, so prediction results were not expected to be accurate –
yet, this still demonstrated some predictive ability even outside the mixture types for which the
model had been made.
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3.4 Summary
The above work describes a preliminary study on ternary mixtures using EDXRD, which is not
commonly used for analysis of pharmaceutical powders. The use of PLSR on raw spectra
resulted in predictive abilities on a par with those reported in the literature for other analytical
techniques, which was very promising. More specifically, the RMSECV values (2.1weight% on
average) were better than those quoted in a study presenting the quantitative analysis of
ternary mixtures by ADXRD and PLSR (5.5weight% on average) [233]. This was despite the
EDXRD spectra used here being of far lower resolution, and without requiring data pretreatments. This result was then successfully replicated for tablets inside packaging, although
the prediction errors were increased slightly.
In the context of the detection of poor-quality medicines, it should be noted that the use of PLSR
analysis will be limited, as it is not feasible to create calibration models for the vast number of
possible combinations of pharmaceutical materials in order to predict exact concentrations of
constituents in a suspect tablet. Rather, classification methods providing a pass/fail type
response based on a library of spectra from known, genuine medicines is expected to carry
more potential in this area – and is the route commonly used in conjunction with other
analytical methods as seen in section 1.2.2.3.. Therefore, this approach was taken for the
remainder of this thesis.
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Chapter 4: Intact Formulations Tests

4.1 Background
The experiment described in the previous chapter showed the potential for EDXRD to be used
in a non-destructive manner to assess poor-quality solid pharmaceutical formulations. However,
it became apparent that it would not be realistic to build calibration models for all possible
pharmaceutical API/excipient combinations for accurate quantitation. More importantly,
quantitation would not be required for a preliminary fast-screening test in the field, as other
analytical methods (such as HPLC) would be far more effective for this purpose. Therefore, a
pass/fail classification method was investigated next.
There are many examples in the literature of the use of classification methods applied to
spectroscopic and chromatographic data from pharmaceuticals (e.g. [52,183,188,253]). The only
case where classification was applied to ADXRD data was in a short communication by Komsta
and Maurin [296]. They analysed a range of OTC medicines (after removing their coatings and
grinding them) and used a method called PLS-Discriminant Analysis (PLS-DA) to categorise
them on the basis of the presence or absence of paracetamol. Their preliminary results showed
that neither visual inspection nor simple correlation would have identified the paracetamol
peaks, but that no samples were misclassified when using PLS-DA. They concluded by
suggesting that this novel area of research was worth investigating further.
In the present study, SIMCA (see section 2.3.3) was chosen as the classification method because
it allows for further sample classes to be added independently to the existing set of PCA models,
such that the “library” of drug types may be kept up to date [297]. To this end, PCA models
encompassing expected variations of spectra from the drug class(es) of interest must first be
constructed. For example, Scafi et al. previously used NIR spectra from at least ten different
batches of aspirin that were acquired in local pharmacies [186]. Rodionova et al. used several
batches of amlodipine (a medicine to treat hypertension) from seven different manufacturers,
each containing 5mg of API and similar excipients. A selection of drugs containing completely
different APIs (to emulate grossly substandard products) as well as drugs containing the same
API combined with other APIs (to emulate poor-quality drugs that are more challenging to
detect) were purchased for testing against the model developed [52]. Similarly, in Said et al’s
study, a selection of paracetamol tablets were purchased and then compared to test samples
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that included additional APIs, or had a different API [188]. In this way, they demonstrated how
a combination of NIR spectra and SIMCA could be used to check whether intact formulations
were of good or poor quality, without any quantitative determination of API nor excipient
concentrations. A similar approach was chosen for the purposes of the work described below.

4.2 Methodology
4.2.1

Sample collection

OTC painkillers were chosen for this study due to their low cost, wide availability, range of
manufacturers, and range of APIs plus combinations of APIs used. 23 packets of tablets or
caplets (elongated tablets, more similar in shape to capsules) containing 500mg paracetamol as
the sole API were purchased in various pharmacies and supermarkets, encompassing six
different manufacturing sources. Purchases were made over a period of several months in order
to sample a range of batch numbers (between two to eight per manufacturer), but also because
purchases of painkillers were limited to two packets per transaction (one packet only in the case
of codeine-containing medication), according to national guidelines [298]. 22 packets of
different batches of tablets/caplets containing 200mg ibuprofen as the sole API were purchased
in a similar manner, encompassing six different manufacturing sources. A packet each of other
types of painkillers containing combinations of APIs, or related APIs, were also purchased as
test samples (dubbed “OTC-Other”). The details of all samples are listed in the Appendix.

4.2.2

Sample scanning

The EDXRD setup B has been described previously in section 2.1.2. Raster scanning was
introduced as preliminary tests found that some OTC pills displayed preferred orientation
effects, occasionally producing very strong peaks. For the unpackaged scans, one pill from each
batch listed in the Appendix was removed from its blister and EDXRD spectra were acquired
for 5, 15, 30, 75, 150, 300, and 600s. All scans were triplicated, with the pill removed and
replaced in a different orientation each time (i.e. either rotated upside down, or flipped back to
front) to account for within-sample and positioning differences.
A second dataset was collected for all the above batches and for the same range of acquisition
times – again in triplicate – using a second pill from each pack kept sealed within its blister. A
third dataset was collected for the same within-blister pills, but this time positioned at the
centre of an additional ring of cardboard – making up the dataset named “bliscard”.
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4.2.3

Chemometrics

Triplicate scans were averaged before analysis. For both paracetamol and ibuprofen sample sets,
a random number generator was used to select a test set of 5 samples, with the remainder used
as a training set. PCA models were then constructed using the training set only in each case.
Separate models were created and evaluated for each acquisition time. This process was
repeated for two additional test and training set combinations (also selected randomly) to check
the robustness of the results. This whole process was then repeated for the blister-packaged,
then the “bliscard” datasets.
The test sets of spectra (i.e. 5 “positive” test samples per model), as well as the spectra from the
“OTC-Other” set (i.e. 19 “negative” test samples for all models), were then classified using their
relevant PCA model in The Unscrambler. The significance level was kept at the default value of
5% throughout this study. The raw data were used in all cases, due to the conclusion from the
previous chapter that pre-treatments did not result in distinctive improvements to results.
The resulting classification tables (indicating whether each sample was classed as belonging to a
particular PCA model – or not) from each scenario were used to tally the numbers of true
positives and true negatives. These were in turn used to calculate sensitivities and specificities,
which were plotted vs acquisition time.

4.3 Results and Discussion
4.3.1
4.3.1.1

Exploratory analysis and PCA model development
Paracetamol

The API weight percentages for the samples were calculated using the nominal mass of
paracetamol (500mg) divided by the mass of each pill used; these were found to range between
83 and 91weight%. Thus, excipients (of which there were anywhere between three and 13
listed) made up 9 - 17weight% of the pills. There was little variation seen in their background
contribution to the EDXRD spectra even where they differed between manufacturers, which is
probably due to the mixture of organic and inorganic excipients (i.e. covering a broad
momentum transfer range), as well as there being a low proportion of each. The spectra were all
dominated by the paracetamol peaks.
Differences between sample spectra were also expected to arise from the varying thicknesses of
the pills. In the results from Chapter 3, it was established that the sub-3mm-thick pressed
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tablets did not suffer greatly from self-attenuation effects. The OTC paracetamol samples, on
the other hand, ranged between 3.8mm and 5.2mm in thickness. Yet, it was not possible to
apply any attenuation corrections in this instance, as the compositions of the pills were
unknown – only the quantity of API is given in a pharmaceutical formulation, along with a list
of excipients of unspecified amounts.
Triplicating the data collection process allowed checks to be made on preferred orientation
effects that can be significant in the case of paracetamol, as seen previously. For example, some
samples in the “unpackaged” dataset exhibited the occasional strong peak (e.g. Alexander’s
Paracetamol (2) shown in Figure 4.1A), but for the most part the raster scanning meant that the
effect was not strongly apparent (e.g. Hedex (1) in Figure 4.1C). In addition, some of the
differences between replicates may have been caused by other changes such as slight
differences in pill positioning, inhomogeneity in the distribution of API within the pill, and the
fact that the amount of API could vary from the stated value of 500mg by ±5% according to the
British pharmacopoeia.

Figure 4.1 Triplicate spectra collected for unpackaged Alexander’s Paracetamol (2) (A & B) and Hedex
(1) (C & D) for 600s and 5s acquisitions respectively
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Figure 4.1B and D demonstrate the greater levels of noise in spectra acquired for the shortest
acquisition time of 5 seconds compared to the 10-minute (600s) scan. The shape of the
diffraction peaks was above the noise level however, so the use of chemometric methods was
expected to draw out these key features whilst discarding the noise.
The PC2 vs PC1 scores plot from the PCA analysis on the full unpackaged dataset, using the
raw data for the 600s acquisitions, is presented in Figure 4.3. PC1 and PC2 described 72.7% and
11.6% of the variance respectively. The former separated samples between tablets and caplets
due to the different thicknesses between these two pill shapes; the caplets were 1.3mm thicker
on average than tablets, and thus contained a greater amount of material – and hence
paracetamol – in the diffracting volume. The effect was not attributed to differences in API
weight percentages, which were comparable across tablets and caplets. The PC1 loadings
shown in Figure 4.3 corresponded very well to the paracetamol reference diffraction pattern
(generated using Mercury v.3.9 [238] and CSD-HXACAN18 [239], with peak broadening). The
negative loadings on the characteristic L-lines explain why all tablets, being thinner, had a
negative PC1 score; as they were less affected by attenuation, these peaks were more prominent
in their spectra. The PC2 loading (not shown) highlighted a preferred orientation peak that
separated out the Boots Paracetamol (1) sample – hence its high PC2 score.
In addition, the scores plot indicated that there was some spread in PC-space dependent on
manufacturer (see symbols in Figure 4.2). However, as there was plenty of overlap between
these sub-groups, the dataset was treated as a whole for 500mg paracetamol formulations.
For comparison, the equivalent data for the 5-second acquisition is shown in Figure 4.4. The
samples appear more evenly spread here, but the tablet samples all had negative scores for PC1,
and there was some evidence of grouping by manufacturer. PC1 here described only 16.6% of
the between-sample variance, followed by 9.43% by PC2. Although these were very low values,
the loadings plots showed that anything above that for PC1 (shown in Figure 4.5) were
describing noise.
Following this initial analysis, the samples were split randomly into test and training sets, as
shown in Table 7.1 (Appendix). PCA models were created for the three training datasets of raw
spectra, for each acquisition time. In all cases, the removal of these five test samples did not
change the conclusion that one PC was optimal to describe the dataset. The loading plots for
any higher PCs described preferred orientation effects and noise, so were not used even if
explained variances of the resulting models were occasionally very low (particularly for the
shorter acquisition times, as seen above).
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Figure 4.2 PC2 vs PC1 scores from PCA on spectra from 600s scans of unpackaged paracetamol

Figure 4.3 PC1 loadings from PCA on spectra from 600s scans of unpackaged paracetamol
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Figure 4.4 PC2 vs PC1 scores from PCA on spectra from 5s scans of unpackaged paracetamol

Figure 4.5 PC1 loadings from PCA on spectra from 5s scans of unpackaged paracetamol

Prior to data collection for the packaged samples, spectra were collected for a selection of
blister-packaged paracetamol samples from the same manufacturer (Galpharm International
Ltd) in two configurations: with the foil side, then the plastic side of the blister facing the X-ray
source. PCA was performed on these spectra, and a two-sample t-test was applied to the scores
for PCs 1 and 2 to check whether the blister orientation affected the EDXRD spectra. In both
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cases, the null hypothesis (that both “foil” and “plastic” sets were from populations with equal
means) was not rejected at a 5% significance level – and this was the case for all acquisition
times used. Therefore, the difference between the two were deemed to be negligible and later
scans were made without repeating separate datasets for foil and plastic faces of the blister.

Figure 4.6 Boots Paracetamol (4) spectra with different packaging levels, plus background spectra (600s)

The spectra collected for the blister and “bliscard” datasets occasionally displayed preferred
orientation effects that masked the increased scatter at higher energies and greater attenuation
at lower energies. In general, however, the introduction of packaging followed the same pattern
as that shown in Figure 4.6. The addition of card was notable in its greater scatter contribution
compared to the blister-only case at higher momentum transfer values. However, this
additional scatter combined with the greater attenuating effect from the addition of card (see
Figure 3.6) meant that the diffraction peak at ~0.9nm-1 was similar in intensity to that from
samples with blister-packaging only.
The same PCA procedure was then applied, with scores plots for the 600s acquisitions
presented in Figure 4.7 for the blister-packaged, and Figure 4.9 for the “bliscard” samples.
These demonstrated similar features to the unpackaged case, with the thinner tablet samples
and the thicker caplets grouping separately, and the first PC describing the majority of the
variance (75.6% for blister, 82.0% for “bliscard”). Their respective PC1 loadings plots (Figure 4.8
and Figure 4.10) matched the paracetamol reference spectrum well. Thus, one PC was again
chosen as the optimal number for SIMCA analysis.
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Figure 4.7 PC2 vs PC1 scores from PCA on spectra from 600s scans of blister-packaged paracetamol

Figure 4.8 PC1 loadings from PCA on spectra from 600s scans of blister-packaged paracetamol
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Figure 4.9 PC2 vs PC1 scores PC1 loadings from PCA on spectra from 600s scans of “bliscard”
paracetamol

Figure 4.10 PC1 loadings from PCA on spectra from 600s scans of “bliscard” paracetamol
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4.3.1.2

Ibuprofen

The API weight percentages of ibuprofen formulations were calculated as above; these had a
much wider range: between 35 and 76weight%. The smaller amount of API (200mg) resulted in
greater sensitivity of its weight percentage to the differences in pill sizes – pill thicknesses
varied between 4.2 and 6.6mm – and the proportion of excipients was greater than in the case of
paracetamol. Correspondingly, the variation seen in the latter’s background contribution to the
EDXRD spectra was much greater, as demonstrated by Figure 4.11; a similar effect was
documented in Rodionova et al.’s study of NIR spectra of amlodipine drugs which contained
only 10mg of API [52]. It was also noticeable that the number and type of excipients used varied
much more depending on manufacturer, plus a large proportion of pills had a hard coating,
which had not been seen in the paracetamol case.
Preferred orientation effects were not observed in the vast majority of scans. Within the
unpackaged spectra, discrepancies were seen in Alexander’s Ibuprofen (1) and (2), and Nurofen
caplets (1) only. For the blister and “bliscard” scans, once again, Alexander’s Ibuprofen (1) and
(2) both had the greatest variations between replicate scans; in addition, Nurofen tablets (1) had
one small extra peak in one replicate, at 0.67nm-1, and Sainsbury’s Ibuprofen (2) and Tesco
Ibuprofen (1) had a stronger peak at 1.98nm-1. All of these were found to correspond to
diffraction peaks seen in the ibuprofen reference spectrum (generated using Mercury v.3.9 [238]
and CSD-IBPRAC03 [239], with peak broadening).

Figure 4.11 EDXRD spectra from ibuprofen manufacturers included in this study
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The PC2 vs PC1 scores plot from the PCA analysis carried out on the 600s acquisitions of
EDXRD spectra for the full, unpackaged, sample set is presented in Figure 4.12. It was clear
from this plot, plus from inspecting the PC3 scores, that there was a greater separation based on
manufacturers, as would be expected from the range of spectral shapes seen in Figure 4.11. It
also highlighted that although both the new Superdrug Ibuprofen caplets and the Alexander’s
Ibuprofen tablets were manufactured by Bristol Laboratories Ltd, they had distinctly different
spectra due to a different composition of excipients used. Pre-processing of all spectra was
attempted, but did not appear to increase nor decrease the separation based on manufacturer
differences.
The explained variances for PCs 1, 2 and 3 were 70.7%, 17.6%, and 6.45% respectively, and their
respective loadings plots are shown in Figure 4.13. The first two PCs had loadings pointing to
the high intensity of the main ibuprofen peaks in the Galpharm International-made samples (o’s
in the scores plot) compared to relatively low intensity of these in the spectra of the CP
Pharmaceuticals-made samples (* in the scores plot) in Figure 4.12; hence the range from
positive scores for the former to negative scores for the latter along these two PCs. The 3rd PC
loadings in Figure 4.13 focused on the low-energy ibuprofen diffraction peak that was strongest
in the Boots Ibuprofen samples (see Figure 4.11). Higher PCs were not found to describe much
additional variation, nor did the loadings or residuals plots indicate that they contained useful
information worth including in the model. Therefore, 3 PCs were deemed to be optimal in this
case.
The samples were divided into training and test sets as above (see Table 7.2 in the Appendix),
and PCA models were created for each acquisition time. In addition, due to the more distinct
manufacturer differences that were observed, a PCA model comprising of those samples
manufactured by CP Pharmaceuticals only was made for testing.
As was the case for paracetamol, the removal of five test samples to create the training sets did
not change the conclusion that retaining 3 PCs was optimal to describe the unpackaged
ibuprofen dataset. For the CP-only PCA model, one PC (90.5% of explained variance for 600s
dataset) was considered to be sufficient for describing the major spectral features. This same
procedure was applied to the blister and “bliscard” spectra, and the same conclusions were
drawn regarding the number of PCs required to best describe their training datasets.
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Figure 4.12 PC2 vs PC1 scores from PCA on spectra from 600s scans of unpackaged ibuprofen

Figure 4.13 PCs 1-3 loadings from PCA on spectra from 600s scans of unpackaged ibuprofen

4.3.1.3

OTC-Other

The remainder of the samples, listed in Table 7.3 (see Appendix), were used as part of the test
set for SIMCA analysis, and were scanned in the same manner as all other samples. Initially, the
full dataset of paracetamol, ibuprofen, and “OTC-other” spectra was used to carry out
exploratory data analysis in the form of PCA. This type of unsupervised pattern recognition is
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useful even when supervised pattern recognition is to be used, in order to check assumptions
about the differences between groups.
The resulting PC2 vs PC1 scores plot in Figure 4.14 reassuringly divided up the paracetamol
and ibuprofen samples along PC1. The PC1 loadings in Figure 4.15 demonstrated how the
peaks it features correspond to some key ibuprofen peaks in the positive part, and paracetamol
peaks in the negative. The sample very close to zero along the PC1 axis in Figure 4.14, labelled
“NuMol”, was Nuromol: a drug containing both 500mg paracetamol and 200mg ibuprofen.
The scores plot also illustrated how paracetamol- and ibuprofen-related “OTC-Other” samples
fell very close to the paracetamol and ibuprofen-only clusters – see for example, the position of
samples “AnadEx” (Anadin Extra, containing paracetamol, aspirin and caffeine) and “NuPl”
(Nurofen Plus, containing ibuprofen and codeine) in Figure 4.14. Along with Pro Plus (caffeine
only), the soluble tablets were far removed from the rest due to their low API weight%
(17weight% paracetamol in both cases) combined with the XRD peaks from a distinctly
different set of excipients such as carbonates and citric acid. These could be considered as
equivalent to grossly counterfeit samples when attempting classification by SIMCA.

Figure 4.14 PC2 vs PC1 scores from PCA on spectra from 600s scans of all unpackaged samples
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Figure 4.15 PC1 loadings from PCA on spectra from 600s scans of all unpackaged samples

4.3.2
4.3.2.1

SIMCA classification
Paracetamol

SIMCA classification was carried out using the three test sets with their respective training set
PCA models, for all acquisition times and packaging levels. The resulting sensitivities and
specificities of the system for any given set of parameters were plotted as graphs in Figure 4.16
and Figure 4.17 respectively.
Firstly, the plots of sensitivity in Figure 4.16 made it clear that for the most part, all five of the
paracetamol 500mg test samples were correctly classified as “paracetamol”. This was regardless
of the counting time, right down to 5-second acquisition times, and regardless of packaging
levels. Yet at longer scanning times, some of the unpackaged samples suffered from a false
negative, where the Boots Paracetamol Caplet (1) and the Alexander’s Paracetamol (1) samples
were misclassified by the PCA models from training sets 1 and 2 respectively. In the former case,
this may be attributed to the fact that one of the triplicate spectra displayed an odd peak at
0.79nm-1 that had not been seen elsewhere, and was not modelled by the training set. As for
Alexander’s Paracetamol (1), one of the triplicate scans appeared to have some areas of lower
intensity, possibly caused by some issues with preferred orientation, which made it stand apart
from the modelled paracetamol spectrum. These effects were not repeated in the blister and
“bliscard” cases, as these involved the examination of a different pill from the same batch.
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Figure 4.16 Sensitivity results from SIMCA tests on paracetamol models

Figure 4.17 Specificity results from SIMCA tests on paracetamol models
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The results on specificity in Figure 4.17 demonstrated how the different levels of difficulty in
correctly rejecting the poor-quality-drug analogues were as expected. Samples that were classed
as false positives are listed below, in order of highest to lowest frequency of misclassification:


Paracetamol (500mg) + codeine (8mg) – false positive in all cases;



Paracetamol (500mg) + codeine (12.8mg) – mostly from 300s;



Paracetamol (500mg) + caffeine (65mg) – except soluble versions, from 30s;



Paracetamol (500mg) + aspirin (300mg) + caffeine (45mg) – for 5s.

None of the remaining “OTC-Other” samples were misclassified under any circumstance
studied; note that the soluble paracetamol (500mg) + caffeine (65mg) tablets contained markedly
different excipients and were far larger in size, resulting in distinctly different EDXRD spectra.
By taking the mass of the Boots Paracetamol & Codeine tablet into account, the 8mg of codeine
translated to a mere 1.4weight%. In addition, the tablets were 87weight% paracetamol – close to
the values for the paracetamol-only samples used to construct the PCA models. The spectra in
Figure 4.18 demonstrated how the strong paracetamol peak centred around 1.5nm -1
overshadowed the additional codeine diffraction contribution in this region (reference spectrum
from CSD-QUBSEM [239], with peak broadening), thus making the overall spectra very similar
to one another. Similarly, the 12.8mg of codeine in Panadol Ultra and Solpadeine Max
translated to only 1.9weight% and were also prone to being misclassified. This was similar to
the findings by Said et al., where NIR spectra from the “negative control” sample Paramol,
containing 500mg paracetamol and 7.46mg dihydrocodeine tartrate, were found to be difficult
to separate from the 500mg-paracetamol PCA model in their classification studies [188].
Overall, although the blister-packaged case appeared to perform better than the others in test
scenarios 1 and 3, the specificities were similar for all packaging levels and across the three tests,
with differences in percentage usually caused by just one more or fewer false positive. It
improved with longer counting times, and dropped off sharply below 30s. It was apparent from
Figure 4.17 that counting times ≥150s were required in the current setup to achieve a best-case
sensitivity of >84% (i.e. with only the three codeine-containing samples misclassified) for all
levels of packaging.
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Figure 4.18 Spectra from Boots Paracetamol tablets with and without codeine (unpackaged, 600s scans)
compared to reference spectra

4.3.2.2

Ibuprofen

SIMCA classification was carried out using the three test sets with their respective PCA models,
and their sensitivities and specificities were calculated. The sensitivities were found to be 100%
in all cases, so have not been presented graphically. The specificities were plotted in Figure 4.19;
these were 100% for acquisition times ≥75s.
These results followed the same general pattern whereby the number of false positives
increased and hence the specificity decreased at lower acquisition times. The first false positives
were detected at acquisition times of 30s in the unpackaged samples (in all three iterations of
the model), unlike the packaged models which had specificities of 100% down to and including
30s. The misclassified samples were the two ibuprofen and codeine-containing drugs: Boots
Ibuprofen & Codeine and Nurofen Plus. This discrepancy between the unpackaged and
packaged result is possibly due to the reduction in counts in the low momentum transfer region
in the spectra of the latter datasets, thus making them more sensitive to changes from the
introduction of codeine (with its major peak at 0.8nm -1) and correctly rejecting these samples.
Notably, although the Boots Ibuprofen & Codeine and Nurofen Plus samples contained the
same quantity and calculated weight percentage of codeine in the caplets as Panadol Ultra and
Solpadeine Max discussed above, they were only misclassified in these shorter scans – in fact,
an order of magnitude shorter than for the paracetamol case (30s vs 300s acquisitions). The
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differences here were that the proportion of ibuprofen in these pills was less than half that of
paracetamol (30weight% vs 75weight% of API), and that the ibuprofen diffraction peaks did not
overlap as much with those of codeine, as shown in Figure 4.20 (compared to Figure 4.18).
The samples that gave false positives are listed below, in order of decreasing likelihood of being
misclassified, and follow the expected pattern according to the difficulty of detecting such
differences in API content; the remaining test samples were not misclassified:


Ibuprofen (200mg) + codeine (12.8mg) – 30s for unpackaged and 15s for packaged;



Sodium ibuprofen (256mg) and ibuprofen lysine (both 342mg and 684mg versions) –
mostly from 15s;



Paracetamol + codeine – for some tests on 5s unpackaged and blister models;



Paracetamol + caffeine – misclassified in 5s blister test 1 and “bliscard” test 2.

Figure 4.19 Specificity results from SIMCA tests on ibuprofen models
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Figure 4.20 Spectra from Boots Ibuprofen caplets with and without codeine (unpackaged, 600s scans)
compared to reference spectra

Lastly, the results from SIMCA carried out on the PCA model made up of samples
manufactured by CP Pharmaceuticals Ltd only are presented in Figure 4.21. It was found that
Alexander’s Ibuprofen (Bristol International Ltd) was always classified as a positive result,
taken to be a true positive in this scenario, thus preventing the sensitivity from falling to zero.
The similarity between Bristol International and CP Pharmaceuticals’ ibuprofen sample spectra
was evident in Figure 4.11; upon closer inspection of their excipients list, it was found that these
were largely the same, and that Bristol International Ltd’s formulation was changed in the case
of the new Superdrug caplets, which therefore did not classify as “CP Pharmaceuticals” in the
same way. Anadin Joint Pain (Wyeth Lederle S.r.l.) also gave a positive result using the
packaged models at all acquisition times, and from 300s for the unpackaged; Nurofen (Reckitt
Benckiser Healthcare), was next most likely to fall within the bounds of the model (75s). It was
only when the acquisition time was reduced to 5s that all ibuprofen samples gave a true
positive result in all cases – i.e. 100% sensitivity if the original intention was to detect ibuprofenonly samples of any manufacturer.
Instead, if all the non-“CP Pharma” samples were tested against this model with the expectation
that they should not classify as belonging to this model (i.e. for manufacturer-specific
authentication), the results presented in Figure 4.22 were obtained. The specificities never
reached 100% within the <600s time scales that were studied due to the false positives from
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Alexander’s Ibuprofen samples. It then deteriorated further in the 150s region, initially due to
the increase in numbers of ibuprofen-only samples that gave a positive classification, but also
due to the increase in the number of “OTC-Other” samples contributing to the false positive
rate. The ibuprofen and codeine samples were misclassified for the packaged samples as well as
unpackaged from 30s – a worse result than for the earlier models where a variety of
manufacturers was represented in the “ibuprofen” model. Thus, it appeared that if one
manufacturer wished to authenticate their own product, the current method would not be
effective due to the number of false positive results, particularly at shorter acquisition times.

Figure 4.21 Results from SIMCA tests on CP Pharmaceuticals model

Figure 4.22 Results from SIMCA tests for manufacturer-specific authentication
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Overall, the results for ibuprofen were consistent between the three tests and were stable down
to shorter acquisition times than in the paracetamol experiment. The absence of strong
preferred orientation effects thus appeared to have improved robustness of the models, even
though there were greater between-sample variations in the spectra. By grouping
manufacturers together when creating the PCA model in order to cover as much of these
variations as possible (as well as, potentially, regions where other unrepresented manufacturers
were likely to fall) in the PC space, SIMCA analysis gave specificities of 100% at acquisition
times 75s, regardless of packaging level.
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4.4 Summary
In this chapter, SIMCA was applied to EDXRD spectra, correctly classifying paracetamol or
ibuprofen-only samples, whilst rejecting samples with related or different APIs. The best results
(with 100% sensitivity and maximum specificity) were achieved when using the spectra
obtained for 150s scans in the case of paracetamol (albeit misclassifying samples containing
small quantities of codeine) and for 75s scans in the case of ibuprofen. The models constructed
from packaged sample spectra performed almost equally well, with differences in specificity a
result of a few false positives in each case – and in some cases, the packaged models
outperformed the unpackaged.
Despite differences in pill thicknesses resulting in some grouping in the paracetamol case, and
the greater manufacturer differences observed for ibuprofen, this information was incorporated
into the PCA models used for SIMCA and thus did not appear to have an undesirable influence
on classification results.
Some of the limitations of the method were highlighted by the instances where small quantities
of codeine had its peaks masked by a major paracetamol peak, resulting in a false positive result.
Preferred orientation effects in test spectra were also shown to produce the occasional false
negative result. It was also found that if manufacturer differences are large, as was the case for
ibuprofen, it is important to ensure that an appropriate training set was used to model the API
of interest for optimal classification results.
This study provided an insight into the potential of this method for checking whether the
EDXRD spectrum from a medicine matches spectra from genuine samples stored as PCA
models in a “library”, such that any counterfeit or substandard medicines would be detected.
Although in this example the two types of API were investigated separately, in practice, SIMCA
could be applied to multiple models simultaneously to check whether an unknown sample
spectrum matches any of these – or none. Crucially, the presence of packaging – whether plastic,
aluminium foil, or card – was not found to hamper this outcome.
Despite this, whilst these data acquisition times were relatively fast compared to more elaborate
analytical methods such as chromatography and mass spectrometry, for the purposes for fast
sample screening these would ideally need to be reduced further. This led to the idea of testing
the newly-built miniPixD instrument for a series of analogous experiments that are described in
the following chapter.
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Chapter 5: miniPixD tests

5.1 Background
The results of SIMCA classification using EDXRD spectra in the previous chapter were
encouraging, but in general the setup required the triplicated spectra to be collected for ≥150s
for optimal results. By contrast, Raman spectroscopy, which has been applied to in-field
evaluation of pharmaceuticals, took 1 to 5 seconds for data collection and 30s in total including
the additional time for data analysis [202]. Hence, a further reduction in the sample scanning
time required for accurate classification of XRD data would be advantageous for fast screening
and to bring it on a par with spectroscopic methods.
The miniPixD system that was described in section 2.2 was therefore tested for this purpose.
Although capable of image-guided XRD, this capability was not trialled here as the aim of this
experiment was to repeat the study in Chapter 4 with reduced acquisition times to see what
effect this had on classification results. In addition, the use of the higher, 10% significance level
was tested in an attempt to reduce the false positive rate – albeit increasing the risk of false
negatives. This approach has been reported in the literature as being useful when relatively
small sample sizes were used to construct the PCA models used in SIMCA analysis [262].

5.2 Methodology
5.2.1

Sample collection

For the most part, the same painkillers that were purchased for use in the previous chapter’s
work were re-used here, although a fresh tablet or caplet from each batch was used for both the
unpackaged and the blister-packaged miniPixD scans. Additional samples that were purchased
have been included in the tables in the Appendix; in particular, paracetamol samples
manufactured by Galpharm International were targeted so as to build up a manufacturerspecific sample set. Samples that had expired since the previous experiment were not used.
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5.2.2

Sample scanning & data analysis

XRD data were acquired for 60 x 1s whilst continuously raster-scanning the samples; all scans
were triplicated as before, and repeated for unpackaged, blister, and “bliscard” packaging
levels. These data were converted from their raw .dat files into .hxt files offline using a program
provided with the HEXITEC detector and by inputting the energy calibration parameters that
were determined as described in section 2.2.1.. A Matlab script was written and used to load,
convert into momentum transfer space, and sum these .hxt files such that they were combined
into 1, 5, 15, 30, and 60s-scans for each sample.
These datasets were exported into The Unscrambler, and the triplicate spectra were averaged
before analysis. Initial PCA models constructed using the full momentum transfer region (0 9.98nm-1) described less of the explained variance in the first few PCs than what was observed
in the previous chapter, seemingly due to additional variations between spectra in the high
momentum transfer region that were unrelated to sample composition. This effect was possibly
caused by the issues with system stability, resulting in variations in background over different
days of use. To mitigate this effect, only the 0.04 - 2.50nm-1 region of the spectra was used for
PCA analysis, as this comprised the region where diffraction peaks of interest occurred.
Three randomly-selected sets of five test samples were removed from both the paracetamol and
ibuprofen sample sets before constructing PCA models with the remaining sample spectra (i.e.
training sets of 22 and 19 samples respectively). The test sets of spectra for both paracetamol
and ibuprofen, plus the “OTC-Other” samples, were classified using SIMCA on corresponding
PCA models for both classes of medicine simultaneously. There were therefore five “positive”
test samples and 21 “negative” test samples, of which 16 were “OTC-Other” and five were from
the other test set. In addition, PCA models for the Galpharm paracetamol samples and CP
Pharmaceuticals ibuprofen samples were created, and classification tests were carried out using
all remaining samples. All classification results were recorded for both the 5% and 10%
significance levels, and were used to calculate sensitivities and specificities.
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5.3 Results and Discussion
5.3.1
5.3.1.1

Exploratory analysis and PCA model development
Paracetamol

The spectra collected using the miniPixD differed significantly in terms of background
contributions compared to the previous EDXRD setup used. As mentioned in section 2.2.2,
efforts were made to reduce undesirable background effects by covering the slot collimator on
the X-ray source as well as introducing aluminium filtering. However, as can be seen in Figure
5.1, the “air” background remained high. However, the difference between background and
sample spectra was clearly visible, showing the presence of paracetamol XRD peaks in this case.

Figure 5.1 Alexander’s Paracetamol (1) spectra with different packaging levels, plus backgrounds (60s)

Figure 5.2 demonstrates how the different acquisition times used affected the quality of the
spectra. In all cases, the two major peaks of the paracetamol XRD profiles remained visible. The
backgrounds have been subtracted in this example for illustrative purposes; backgroundsubtractions were not carried out on the data more generally as this would be an unnecessary
step when using PCA.
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Figure 5.2 Background-subtracted unpackaged spectra from Alexander’s Paracetamol (1) for all
acquisition times used

The PC2 vs PC1 scores plot from PCA on the full unpackaged dataset, using the raw data for
the 60s acquisitions, is presented in Figure 5.3. PC1 described 89.4% of the variance, and once
again the main separation was between tablets and caplets. PC2 described only an additional
1.5% of the variance. It was noted that some of the scores for samples purchased later in the
experiment, such as Boots Paracetamol Tablets (4) and Hedex (3) (labelled “BootsParaT4” and
“Hedex3” in the figure) appeared to have separated out from the rest of the samples along PC2,
highlighting the ongoing issue of stability of the system even though a 4-hour waiting period
was applied prior to commencing sample scans on any given day. As the experiment was
carried out over the course of a few months, other changes to the system and its environment
may have had an effect. Regardless, the PC1 loadings plot shown in Figure 5.4 corresponded
well to the paracetamol reference pattern, and some features remained visible even with the 1s
acquisitions (Figure 5.6). In the latter case, the first PC only described 15.2% of the variance, but
as higher PCs did not describe any further features of interest, one PC was chosen as the
optimal number for use in SIMCA. This conclusion applied to all paracetamol PCA models with
the five test samples removed, including those with packaging.
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Figure 5.3 PC2 vs PC1 scores from PCA on spectra from 60s scans of unpackaged paracetamol

Figure 5.4 PC1 loadings from PCA on spectra from 60s scans of unpackaged paracetamol
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Figure 5.5 PC2 vs PC1 scores from PCA on spectra from 1s scans of unpackaged paracetamol

Figure 5.6 PC1 loadings from PCA on spectra from 1s scans of unpackaged paracetamol
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Figure 5.7 PC1 loadings plot from PCA on spectra from 60s scans of unpackaged Galpharm paracetamol
samples

Although the sample set was relatively small, the eight Galpharm International-manufactured
paracetamol samples were used to create an additional PCA model for testing against
paracetamol from other manufacturers. The first PC described 91.7% of the variance and its
loading plot, shown in Figure 5.7, demonstrated how it matched the reference spectrum’s most
intense peak well, but the lower peak at 0.71nm -1 less well.
5.3.1.2

Ibuprofen

The scores and loadings plots from PCA on the unpackaged ibuprofen samples scanned for 60s
are shown in Figure 5.8 and Figure 5.9 respectively. The separations between manufacturers
seemed less evident from the PC2 vs PC1 scores plot, however with the 3 rd PC included in the
3D plot, these groupings became clearer. The first three PCs described 77.3%, 10.8% and 4.93%
of the variance respectively, and as all three corresponding loadings plots (Figure 5.9)
demonstrated features that helped describe the differing ibuprofen samples, these were
retained for SIMCA analysis. Three PCs were chosen for the other ibuprofen models also,
except in the case of the 1s scans. Here, the noisy spectra meant that features could not be
discerned above the first PC loadings – an example is shown in Figure 5.10, from PCA on all
unpackaged ibuprofen samples (explained variance 37.0%) – so only the one PC was used for
modelling.
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Figure 5.8 PC2 vs PC1 scores (top) and PCs 1-3 scores (bottom) from PCA on spectra from 60s scans of
unpackaged ibuprofen
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Figure 5.9 PCs 1-3 loadings from PCA on spectra from 60s scans of unpackaged ibuprofen

Figure 5.10 PC1 loadings from PCA on spectra from 1s scans of unpackaged ibuprofen
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5.3.2
5.3.2.1

SIMCA classification
Paracetamol

SIMCA classification resulted in 100% sensitivity in all scenarios, unlike in the previous
experiment where the longer acquisition times increased the chances of a preferred orientation
peak becoming more prominent thus resulting in the occasional false negative. Therefore, the
sensitivities were not represented graphically, but specificities were plotted as shown in Figure
5.11 for the two significance levels. The specificities were found to only significantly reduce at
sub-5s acquisition times. The differences between the different packaging levels between 15-60s
were caused by one or two misclassifications, and generally the unpackaged appeared to
perform the best whilst “bliscard” samples had slightly lower specificities. The specificities for
the ≤5s scans were more clearly consistent in being highest for unpackaged and lowest for
“bliscard” samples across all tests. At 5s, this ranged from 71% to 81% using the 5% significance
level; and between 76% and 81% using the 10% significance level.
The maximum specificities were 86% and 95% for the 5 and 10% significance levels respectively
in the unpackaged case; these fell to 81% and 86% respectively in the “bliscard” case. They did
not reach 100% in any of the time periods studied, due to the misclassification of Boots
Paracetamol & Codeine in all cases, resulting in the 95% specificity in the best-case scenario
(unpackaged samples with 60s scans, using the 10% significance level). As expected, the next
samples most likely to be misclassified were Panadol Ultra and Solpadeine Max – containing
slightly more codeine. The higher significance level improved the overall results due to this
differentiation between the 8mg and 12.8mg codeine samples.
There was a greater reduction in the number of false positives when the significance level was
raised to 10% at the shortest, 1s acquisition times. As a result, the specificities were significantly
higher – 63% as opposed to 40% for unpackaged samples, and 56% compared to 14% for
“bliscard”. This difference in response is explained by the Hi vs Si plots shown in Figure 5.12.
The dashed lines show the positions of the Hmax and Smax limits calculated by The Unscrambler
for determining class membership (using the equations presented in section 2.3.3). Because the
1s scans suffered from a lower signal to noise ratio, the between-sample differences were
diminished (illustrated by comparing the scores plots in Figure 5.3 and Figure 5.5) and hence
the sample-to-model distances were relatively small. Differences in the threshold value
therefore resulted in a sizeable change in the number of false positives. By comparison, in the
60s case the difference in specificity was solely based on the Panadol Ultra and Solpadeine Max
classifications.
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Figure 5.11 Specificity results from SIMCA tests on paracetamol models
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A

B

Figure 5.12 Hi vs Si plots for unpackaged (A) 60s & (B) 1s scans (paracetamol Test 1)

The results of classifications made against the Galpharm-paracetamol manufacturer-specific
PCA training model revealed that it classified all other paracetamol samples as “false positive”
in all cases. When specificities were instead calculated based on the same 21 “negative” test
samples used in Test 1 above, the results (Figure 5.13) were found to follow the same trend as
for the randomly-selected training sets, with very similar performance (only ±1 false positives,
except in the 1s case where specificities fell considerably). Boots Paracetamol & Codeine
remained misclassified even in the best case (unpackaged samples with 60s scans; 10%
significance level), meaning that 100% specificity was not attained. These results suggested that
not only were the Galpharm samples representative of all the other manufacturers tested, but
that the eight samples in the training set were sufficient to model the variations seen in these
paracetamol formulations.
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Figure 5.13 Specificity results from SIMCA tests on Galpharm paracetamol model

5.3.2.2

Ibuprofen

SIMCA classification of the ibuprofen test samples consistently gave a sensitivity of 100%. The
specificities for 30 and 60s were also 100% in all instances. The other scan times for different
packaging levels and tests 1-3 are shown in Figure 5.14. At the 5% significance level, for all
levels of packaging, specificities fell from 100% at 30s to 67% at 5s, falling to 0% at times at 1s.
The change in significance level to 10% meant that 100% specificity was achieved down to 15s
scans, but with a sharp fall in performance beyond 5s once again.
The difference in performance at times <15s compared to paracetamol can be attributed to the
fact that the thresholds used for classification were influenced by the number of calibration
samples used to make the PCA model, and the number of PCs chosen. The greater the number
of PCs used (i.e. three as opposed to one), the higher the threshold for leverage (equation ( 17 )
in section 2.3.3); and the smaller the training set (19 samples vs 22), the higher the thresholds for
leverage and for sample-model distance (the latter due to a rise in the Fcrit value – see equation
( 15 )). As a result of this, in some cases the specificity fell to 0% at 1s, where distinctly different
APIs were being misclassified. The Hi vs Si plot in Figure 5.15 demonstrates how the separation
between samples still exists, but these threshold values do not prevent the paracetamol samples,
for example, from giving a false positive classification result.
The manufacturer-specific test performed better than for paracetamol, as expected, due to the
greater differences between each manufacturers’ products. The specificities did not reach 100%,
however, because the Alexander’s Ibuprofen, Anadin Joint Pain, and Nurofen samples were
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consistently misclassified as “positive” at all scanning times. Figure 5.8 suggested that these
samples, manufactured by Bristol Laboratories, Wyeth Lederle and Reckitt Benckiser
respectively, had similarities in their spectra which resulted in them being loosely grouped
together in the scores plot. Raising the significance level to 10% only marginally improved the
sensitivity of the model by no longer misclassifying one of the Nurofen samples. On the other
hand, the model performed just as well as the other ibuprofen mixed-manufacturer models
when it came to classifying other “negative” test spectra from “OTC-Other” and paracetamol. If
the ibuprofen test samples were discounted, 100% specificity was maintained down to 30s at the
5% significance level, and down to 15s at the 10% significance level – the same as what was
observed in Figure 5.14. Therefore, although this model was not applicable for manufacturerspecific authentication (nor for ibuprofen authentication more generally, as it would conversely
result in false negatives if viewed as such), it was still capable of rejecting samples containing
any other APIs from classification.
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Figure 5.14 Specificity results from SIMCA tests on ibuprofen models
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Figure 5.15 Hi vs Si plot for blister-packaged 1s scans (ibuprofen Test 1)

Figure 5.16 Specificity results from SIMCA tests on CP Pharmaceuticals ibuprofen model
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5.4 Summary
The above experiments were carried out to test whether the data collection time required for
obtaining high sensitivities and specificities from SIMCA classification of XRD spectra could be
reduced by trialling the novel miniPixD system.
When SIMCA was applied to paracetamol models constructed using miniPixD spectra, the
codeine-containing samples were misclassified, as observed previously in Chapter 4. The fewest
false positives were recorded for the longest, 60s scans examined here. However, if a trade-off
were to be made for scanning time, disregarding these particularly “difficult” samples (in terms
of authentication), 15s scans were sufficient for all other test samples to be classified correctly in
the unpackaged case. For the blister and “bliscard” sample spectra, 30s scans were required to
maintain the specificity at >80%. Specificities from tests carried out on the ibuprofen model, on
the other hand, were 100% for all packaging levels for times ≥15s.
Therefore, the scanning times required for the miniPixD system were found to be a fifth of the
optimal timings found using the EDXRD system. This reduction may have been greater were it
not for a few key differences in the system setups – notably, the X-ray tube was operated at
72kV and 0.7mA for miniPixD vs 80kV and 2mA for EDXRD (Setup B), thus reducing the X-ray
flux (for reasons explained in section 2.2.2); and the X-rays were more strictly collimated here
(0.6mm-diameter pinhole vs 1.1mm in the EDXRD setup).
Nevertheless, this was an excellent result in terms of reducing the measurement time required
for the detection of “counterfeit and substandard medicine” analogues to the order of tens of
seconds, whilst maintaining the ability to scan through packaging layers.
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Chapter 6: Conclusions and Future Work

6.1 Conclusions
The widespread problem of counterfeit and substandard medicines was discussed in the
introductory chapter to this thesis. Although many analytical techniques have the potential to
be applied to test suspect medicines, they all suffer from different strengths and limitations.
Some of the key features that would be desirable in any technique are for it to be fast, easy to
use, and portable. It was notable that the literature on the subject was lacking in studies into the
application of XRD, and more specifically EDXRD. The work presented in this thesis sought to
address this by assessing the practicality of applying EDXRD and the “PixD” method to the
analysis of pharmaceutical medicines. In doing so, we demonstrated that:
1) EDXRD is suitable for quantifying pharmaceutical mixtures non-destructively;
2) It can be used for through-packaging (including foil) analysis of tablets and caplets;
3) The time required for inspection can be greatly reduced by the use of PixD.
Conclusions from each experiment that was carried out are discussed in more detail below.

6.1.1

Controlled mixture tests

PLSR calibration models were constructed using EDXRD data collected from ternary mixtures
of known compositions that had been pressed into tablets. Using full cross-validation, these
were found to have predictive abilities on a par with those reported in the literature for ADXRD,
which was highly encouraging. Furthermore, this result was successfully replicated for tablets
inside “packaging”, thereby demonstrating the potential for using this non-destructive method
to assess packaged products such as medicines. Note that this differs from the usual meaning of
“non-destructive” as used in the research literature, which typically refers to tablets that do not
have to be crushed or dissolved for analysis, but are often removed from packaging (or at least
from the cardboard box, if not their blister packaging). Lyndgaard et al. had previously
achieved through-blister quantification of paracetamol using Raman spectroscopy [289], but as
far as the author is aware, the quantification of paracetamol through both blister (plastic and
foil) and card packaging layers has yet to be reported in the literature.
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6.1.2

Intact formulation tests

SIMCA was used to authenticate a range of OTC painkiller medications when compared to
PCA models constructed using EDXRD spectra of paracetamol and ibuprofen samples. The test
subjects ranged from those with very similar to completely different API compositions. It was
found that sensitivities and specificities of 100% were achieved for data acquisition times down
to 75s in the case of the ibuprofen model; the paracetamol model had the best results at 150s,
and highlighted some of the limitations of the method. These difficulties were caused by
overlapping API peaks when one of these constituted a relatively small weight percentage of
the mixture (as was the case with paracetamol and codeine), and preferred orientation effects.
These issues are particular to each chemical and to each combination of chemicals, so it is
difficult to predict at this stage how much of an influence these factors would have on this
authentication method more generally.
In addition to the above, a manufacturer-specific authentication test was attempted using a
PCA model constructed from EDXRD spectra of ibuprofen samples from one manufacturer
only. Sensitive analytical techniques can detect when samples are from a different
manufacturing site due to the different excipients and manufacturing methods used. However,
although some other manufacturers’ ibuprofen samples were rejected by the model when using
SIMCA classification, it also gave false positive results for others.
Therefore, it was concluded that overall this method functioned best for the authentication of a
certain class of medicine, e.g. paracetamol-only or ibuprofen-only. In the case of ibuprofen, the
model performed best when the original PCA model covered the variations between a variety
of manufacturers (which were larger than for paracetamol). It was also noted that the small
“positive” test set may have influenced the sensitivity result; further testing is required to
ensure that this 100% true positive rate is maintained for a larger test set.

6.1.3

miniPixD tests

The above SIMCA classification tests were repeated using the miniPixD instrument, which was
found to reduce the data collection times required for best results by a factor of five – i.e. down
to 15 - 30s. The ibuprofen model performed best, whereas the paracetamol case suffered from
the continued misclassification of samples containing small amounts of codeine. Although
specificity was improved with longer scanning times (i.e. misclassifying the 8mg codeine only
instead of the 12.8mg codeine samples also), it is not known whether further increases to
counting times and improved statistics would have changed this misclassification. Considering
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that 600s acquisitions on the previously-used EDXRD system did not result in any
improvement, this would be equivalent to >120s on the miniPixD instrument (presuming it is
five times faster at acquiring data of the same statistical quality), which has yet to be tested. It
also became apparent that the thresholds used by the SIMCA classification function in The
Unscrambler may have affected the results where the test sample-to-model distances were
seemingly large enough to discriminate the “negative” test samples visually (in Hi vs Si plots),
but were lower than the limits calculated by the software.
Overall, the use of the miniPixD permitted rapid XRD data acquisition and authenticated
medicines with specificities that were largely unaffected by the introduction of layers of
packaging. With further improvements to the data analysis methods and/or the instrumentation,
it is expected to have great potential in the field of counterfeit and substandard medicines
detection.

6.2 Future work
The work presented in this thesis consisted of a “proof of concept” study on the use of XRD for
the rapid authentication of medicines. Therefore, there is much scope to explore this area
further, and this section will provide some suggestions for next steps required to address some
of the current limitations of the methods used.

6.2.1

Sampling medicines

The studies described in this thesis focused on two common APIs – paracetamol and ibuprofen.
Firstly, it would be beneficial to extend this current work with a larger test set, in particular
with greater numbers of “positive” test samples. In addition, because some of the issues
(preferred orientation, for example) are very much particular to each compound or mixture, it
would be necessary to validate the method with other types of pharmaceutical. The proportion
of API within tablets and caplets also varies greatly between products, as some are only needed
in small amounts – for example, one study had a sample set of medications containing between
1mg and 500mg of various APIs [191] – so it would be interesting to examine the effect of this.
Note that as mentioned in section 4.3.1.1, the actual amount of API in the samples used here was
unknown (due to there being a tolerated deviation from the stated amount), but this could be
resolved in future by the use of HPLC. It may also be useful to extend the work regarding
manufacturer-specific authentication, although previous studies on poor-quality medicines do
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not always specify whether they are interested in particular manufacturers, instead focusing on
detecting the presence and quantity of API, so this may not be required.
The samples that were used were selected based on their low cost and availability in local
pharmacies without prescription (other studies have similarly used OTC medicines purchased
locally [188,202,299]). Obtaining a wider range of medicines may be challenging due to the
expense and the fact that many medicines are prescription-only. The author also encountered
difficulties in obtaining “real” counterfeit and substandard samples to test; some researchers
have overcome this by collaborating with police departments or regulatory authorities [191,300].
Samples of counterfeit drugs that were kindly provided by the MHRA unfortunately lacked
their genuine counterparts, thus the data collected from these have not been presented here.
Furthermore, this study was limited to solid dosage forms, i.e. caplets and tablets, due to their
ubiquitous nature. It would however be necessary to test any system using other dosage forms,
such as capsules and oral suspensions, in order to fully assess the technique’s strengths and
limitations. ADXRD analysis of capsules has previously been attempted by Phadnis et al., who
had to abandon this method as they found that this only gave the spectrum of the gelatin
capsule itself [301]. This is something that is not expected to be a problem due to the greater
penetration depth of the X-ray energies used in EDXRD and miniPixD.

6.2.2

Instrumentation

The miniPixD instrument has already demonstrated its high specificity by correctly rejecting
samples containing small quantities of additional API, or related APIs, in the majority of cases.
This compares well to certain other methods discussed in section 1.2.2.3 that were only capable
of detecting drugs that were grossly counterfeit or substandard. It may be beneficial to use
stricter collimation to improve angular resolution, thus providing better differentiation between
diffraction peaks; however, higher X-ray tube currents or longer acquisition times would be
needed to compensate for the corresponding decrease in X-ray flux.
The system did not necessitate any form of sample preparation such as grinding tablets into
powders, which would normally be required for ADXRD analysis. The issue of preferred
orientation did however dictate the need for raster scanning during data collection. It would be
interesting to carry out further studies without raster scanning to see what effect this has on the
sensitivity and specificity of authentication. Note that the sample stages would be included in
the miniPixD instrument in its current form regardless, due to the line-scanning method used
for X-ray imaging.
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A limitation of the present study is that an idealised sample set up was used, where a single pill
or blister was placed in a known position such that it sat within the X-ray beam path. The
reality is that many packets of medicines contain two stacked sheets of blisters – and in addition,
the patient information leaflet found inside such packets would add to the attenuation of X-rays
if located in the beam path. These scenarios have yet to be investigated, but the miniPixD
system overcomes the inability to “see” sample positions within packaging by allowing X-ray
imaging and IGXRD. Some sample images of a counterfeit Viagra sample (provided by the
MHRA) are presented in Figure 6.1. It will also be important to assess whether authentication is
possible using XRD data collected from medicines in other forms of packaging, such as bottles.
Eliasson et al. indicated that although blister packaging is the norm in the UK, many medicines
are sold in plastic bottles in the USA [200], so such differences would need to be taken into
account to facilitate wider implementation of the method.

Figure 6.1 Images of counterfeit Viagra sample taken using miniPixD: (A) unpackaged, (B) in blister
only, (C) in blister and card packet, and (D) with patient information leaflet

Another issue with positioning a sample within intact packaging is that the sample-to-detector
distance used in the data analysis, which was determined prior to data collection (as described
in section 2.2.1), will no longer be known accurately. This results in incorrect angles being
assigned to each pixel in the HEXITEC detector, such that any diffracted X-rays that are
detected are assigned incorrect momentum transfer values, as described by the case of thicker
samples (an analogous situation) in Moss et al. [277]. In the example given, the use of a 5mm-
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thick sample resulted in an uncertainty in the central pixel angle value of 5.83° [+0.42°, -0.40°],
i.e. 5.43°-6.25°, depending on whether the diffracted X-ray originated from the front or rear of
the sample. This corresponds to a range of 1.52-1.75nm-1 (instead of the expected value of
1.64nm-1) for an example X-ray energy of 40keV (the broad peak in the X-ray tube spectrum is
centred around this value when operated at 72kV as it was here). In other words, even a shift of
±2.5mm in sample-to-detector distance would shift peak centres in the output spectrum by
approx. ±0.1nm-1, potentially affecting the ability for SIMCA analysis to recognise sample
spectra as belonging to a particular PCA model. The effect of such deviations on the sensitivities
and specificities of classification thus need to be examined in detail in future work. In addition,
some suggestions for remedying this situation include the introduction of detector-side
collimation, so that the scattering angles accessible to any particular pixel is restricted – but is
technically challenging – or the use of coded aperture techniques [276].
Lastly, the stability of the system needs to be thoroughly assessed and measures put in place
such that data collection is reproducible over long periods. The 4-hour “warm-up” time may
otherwise be needed after the system is initially switched on, which may cause problems in its
implementation. A shutter system that seals off the X-ray source’s primary collimator slot –
used for imaging – would also be beneficial so that its IGXRD capability can be fully exploited
when required.

6.2.3

Data analysis methods

The results from the final experiments suggested that modifications to the classification method
could potentially be a route to improving the accuracy of medicines authentication without
necessitating changes to the instrument per se. Restricting the significance levels further may
indeed be useful for increasing the discrimination power of the models, as the potential for
overlap between different PCA models used in SIMCA classification would decrease [262] – a
possible issue as more medicine types are added to a database – but carries the risk of
increasing the number of false negatives. Therefore, any modifications made to the classification
thresholds need to be approached with caution. Some recent works by Rodionova et al. suggest
an adaptation of the SIMCA method, called data-driven SIMCA (DD-SIMCA) which better
utilises the information provided in the initial PCA analysis to create threshold values for
classification [52,302], which may be of use in this situation.
Alternatively, statistical methods other than chemometrics could be applied. A few studies have
used simple spectral correlation methods to classify both NIR and Raman spectra successfully,
although the threshold values need to be selected carefully in each instance prior to
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classification [155,188,303]. Such methods require good quality spectra such that noise does not
affect these “matches”, so the XRD data collected at short scanning times would likely need
some pre-treatments for these to potentially work.
In addition, it is unclear from the literature what the target rates for sensitivity and specificity
should be, and whether this would differ for the detection of different “levels” of poor-quality
medicines – in particular substandard medicines, which may be only very slightly different in
their composition, and are by their very nature much harder to detect. Although the ideal
would be to reach 100% in all cases, it would be interesting to pose the question to healthcare
practitioners as to what the trade-offs would be in different contexts.

6.2.4

Implementation

Kovacs et al.’s review, “Technologies for Detecting Falsified and Substandard drugs in Low and
Middle-Income Countries”, had ranked XRD very lowly out of the technologies that were
assessed based on various parameters [158]. However, many of these points have been or can be
improved based on the outcomes of this thesis, as detailed in Table 3.4. Note that “fast” here is
defined as <5 minutes; and the “medium” price range is defined as US$ 10,000-100,000.
Thus, after the proposed further studies are carried out and modifications are made, the
miniPixD instrument – or any future incarnation of it – has the potential to be deployed for fast
screening of medicines in situations where destructive, quantitative laboratory analyses are
considered too time consuming or are unavailable. For example, pharmaceutical manufacturers
could use this as a quick inspection tool to prevent substandard medicines from being sold to
their clients. Pharmaceutical wholesalers and pharmacies could provide further checks for
substandard medicines and also detect the introduction of counterfeit medicines into the supply
chain (whether accidental or intentional) before these reach patients. Checks could also be made
at borders and postal sorting offices, which are particularly important for tackling the large
quantities of counterfeit medicines being sold through fake online pharmacies.
In more remote locations, such an instrument could be incorporated into a “mobile laboratory”
for carrying out spot checks in shops, pharmacies and informal marketplaces, to flag both
counterfeit and substandard medicines. For example, the Chinese regulatory authorities
equipped hundreds of vans with NIR spectroscopy, TLC, and colorimetry instrumentation for
this purpose; suspect drugs were then sent to centralised laboratories for further analysis [26,87].
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Reviewers’ comment

Updated situation

Yes

No

Unknown

Moderate performance; misclassifies
samples with low quantities of
“contaminant”

Laboratory supplies

None

None

Speed

Slow

Fast

Yes

Yes

Chemist

Would require “laboratory technician”
level by use of in-built classification
algorithm (as for portable
spectroscopic methods)

Facility
requirements

Research laboratory

Potential for use in mobile laboratory

Device price

High

Should aim to bring cost down to
“medium” level (as for portable
spectroscopic methods)

Sample preparation
needed

Performance

Need electricity

Level of training
required

Table 6.1 Update to comments for “Powder X-ray diffraction” extracted from Kovacs et al.’s table
comparing technologies for detecting counterfeit and substandard drugs [158]

A WHO report previously stated that the burden of verifying the authenticity of a product
should not fall on patients [94] – but some of the technologies currently being trialled in less
economically developed countries (such as scratch-off codes on packaging to be sent by SMS for
verification) rely on the consumers to police the medicine supply chain. Ideally, the likelihood
of poor-quality medicines reaching patient level should be negligible, and the strategic use of an
analytical technique like XRD could aim to achieve this goal.However, the contents of the
database do not necessarily have to be exhaustive – rather, they could be tailored to the
particular situation if only a subset of medicines is of interest. More importantly, such a
database would need to be updated so as to reflect any changes made to manufacturing
processes over the course of time. Candolfi et al. previously mentioned this issue, stating that:
“in general, different batches of the same formulation should match each other, which is
however, not always the case in real life situations due to new feed stock of the material,
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different equipment for production, etc.” [304] – highlighted by the case of Bristol Laboratoriesmanufactured ibuprofen in this thesis.
It is also important to note in the context of counterfeit medicines detection that these are
known to have significant dose-to-dose variations, meaning that sampling just one tablet from a
pack carries the risk of giving a false positive authentication result. Therefore, a better method
would be to test multiple samples in practice [305]. Such issues would be addressed in any
documentation and training given at the time of deploying the instrument.
Last but not least, there are many potential social issues when it comes to the implementation of
any new technology, which must not be overlooked. Notably, in this particular area of
pharmaceutical crime and pharmaceutical regulation, issues of the lack of awareness, noncompliance, and corruption have been cited in section 1.1.3. Therefore, any new technical
countermeasures must be introduced alongside the various social countermeasures that were
listed in section 1.2.1 in order to achieve the best possible results.
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A final comment on counterfeit and substandard medicines
At the outset of this thesis, the problem of defining counterfeit and substandard medicines was
addressed (see section 1.1.1) as it had become a point of contention for many practitioners
working in this field. The WHO reported earlier this year (at their seventieth World Health
Assembly on 29th May 2017) that an agreement had been reached to use the three mutually
exclusive classifications detailed in Figure 6.2.

Figure 6.2 Classification of medical products to be used by the WHO global surveillance and
monitoring system and the member state mechanism [306]

In addition, two key publications on the subject were launched on 29 th November 2017 [306]:


“WHO Global Surveillance and Monitoring System for substandard and falsified
medical products”, highlighting causes, impacts and solutions; and



“A study on the public health and socioeconomic impact of substandard and falsified
medical products”, which includes estimates of failure rates and associated spending.

The above is an indication of the timeliness of the research presented in this thesis – the first
report contains a section entitled “Improving detection technologies in the field and the
laboratory”, detailing the continued efforts by the WHO and collaborators to evaluate existing
and emerging drug screening technologies.
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Chapter 7: Appendix

The following tables provide details on the samples that were purchased for analysis in the
“Intact Formulations Tests” in Chapter 4, and the “miniPixD tests” in Chapter 5.
The caplets and tablets are marked in the second column of all tables by a “C” or “T”
respectively. The samples used in the test sets are marked by crosses in the final columns of
Table 7.1 and Table 7.2, whilst the cells with a slash through them denote those which were not
used in that experiment either because they were yet to be purchased, or because they expired.
In Table 7.3, the sample shaded in light grey was purchased at a later date for the miniPixD
experiments whilst those in darker grey were not used.
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Table 7.1 Details of paracetamol samples

Table 7.2 Details of ibuprofen samples

Table 7.3 Details of ‘OTC-Other’ samples
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