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Abstract 
Regulatory agencies are responsible for collecting and evaluating spontaneous reports of 
suspected problems related to medications, including those from substandard medicines (SM). 
Objectives: The aim was to evaluate the profile of SM reports submitted to the Brazilian Health 
Surveillance Notification System (Notivisa) and classify these reports objectively by means of 
lexicographic analysis. Methods: Was extracted all SM reports available in Notivisa during the 
period 1 January 2007 to 31 December 2017. Descriptive statistics were performed and the 
reasons for SM reporting were standardized (using OpenRefine and Microsoft Excel). The following 
analyses were performed using IRAMuTeQ 0.7 alpha2: lexicographic analysis to obtain the 
frequency of active words; descending hierarchical classification (DHC) to categorize the active 
words into lexical classes; factorial correspondence analysis (FCA) to obtain graphs of the classes. 
Approved by the Ethics Committee of the Hospital do Trabalhador/SES/PR CAAE 
81873417.3.0000.5225 (protocol number: 2.506.594). Results: A total of 61,775 reports were 
analyzed, most of them reported by hospitals (46%). The DHC of the reasons for SM produced four 
classes visualized in the FCA: (i) packaging problems (16%) mainly leakages/opening issues; (ii) 
inadequate drug identification (22%), such as illegible label information; (iii) stability and 
contamination issues (11%) such as presence of particles; (iv) damaged tablets/blisters (23%) 
mainly broken tablets. Most SM (52%) were solutions for parenteral use; sodium chloride (9%), 
glucose and dipyrone (3%) were the products with most complaints. Conclusions: The reasons for 
SM reporting can be objectively classified into classes that represent the main problems submitted 
to Notivisa. This classification could guide the standardization of SM reporting and contribute to 
improving surveillance reporting systems worldwide. 
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INTRODUCTION 
Substandard medicines (SM), defined by the World Health Organization as pharmaceutical 

products that do not meet their quality standards or specifications1, constitute a serious public 
health problem, especially in emerging countries with non-existent or emerging regulatory 
agencies2-9. Nonetheless, developed countries such as Canada10, the United States of America11-13, 
and the United Kingdom14 often report issues related to SM. The use of SM can lead to adverse 
events, therapeutic failure, drug resistance, disease progression, and death. In recent years, an 
increase in SM-related incidents of over 30% has been documented, with around half of all SM 
detected in the legitimate supply chain affecting life-saving therapies15-19. Additionally, SM are 
responsible for a significant amount of marketed drug recalls due to quality deviations10,11,20, which 
causes financial losses for the consumer and the manufacturer and may diminish overall 
confidence in the healthcare system3. 

The evaluation of spontaneous notifications (i.e. reports) of suspected problems related to 
medications, usually carried out by institutions, health professionals, managers, and citizens, 
is one of the main research branch activities of pharmacovigilance21,22. Regulatory agencies 
around the world are responsible for collecting and evaluating these spontaneous reports23. 
To design corrective actions and preventive public health policies that tackle SM-related 
issues, gathering accurate data and performing robust research are crucial21. In Brazil, 
substandard medicines reports are collected and classified according to their characteristics 
(e.g. type of report, notifier, outcomes) by the National Notification System for Health 
Surveillance (Notivisa) database24 

Although methods for SM reporting have evolved, with recent studies describing the use of 
algorithm stratification analysis and data mining, or surveillance guided by geospatial 
analyses25-27, no standard model for the final analysis and classification of these reports exists. 
Usually, spontaneous SM reports are presented with descriptive information about the 
product and the problem found, written in natural language by the reporter (e.g. healthcare 
professional, researcher, patient). Previous studies attempted to evaluate and classify SM 
reports by means of manual data extraction and reading10,14,16,28. Depending on the number 
of reports, these manual and person-based techniques may be unrealistic, as well as exposed 
to different types of bias and heterogeneity. In this case, the use of lexicographic analysis, an 
innovative and broad approach to content analysis, could be an alternative to objectively 
identify the semantic and paradigmatic relationships existing within the vocabulary (lexicon) 
used in the SM reports29. This type of analyses allows insightful look at the studied variables, 
including the categorization process30. Thus, the aim of this study was to classify the different 
types of quality deviation of medicines reported to the Brazilian Pharmacovigilance System 
during a 11-year period, by means of lexicographic analysis. 

MATERIAL AND METHODS 

Data collection and standardization 
This was an exploratory study of the SM reports available in the Brazilian National System 

of Notifications for Health Surveillance (Notivisa) from the Brazilian Drug Regulatory Agency 
(Anvisa), from 1 January 2007 to 31 December 2017. Access to the information was provided 
by the Health Surveillance Service of the Department of Health in Paraná State (Southern 
Brazil). An SM was here defined as a product with a problem observed prior to causing harm 
to a patient’s health, such as suspected quality misuse, unregistered product, counterfeit 
product, or unauthorized company. Only SM reports classified by Notivisa as “Technical 
Complaint” and “Suspected Quality Deviation Product” were exported to Microsoft® Office 
Excel (Microsoft, Redmond, WA) for analyses. 

The information collected from the SM reports included: date of report, reporter 
occupation and institution, region of reporter, origin of the product, product physical form 
(i.e., pharmaceutical form and administration route), active substance, and reason for 
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reporting (open field to allow an unstructured comment describing the SM characteristics). To 
normalize the information, pharmaceutical forms and administration routes were 
standardized based on the lists of drugs registered in Anvisa31, and active substances were 
standardized according to the ATC Index (https://whocc.no/atc_ddd_index/). Typing errors and 
wrong words in the field ‘reason for reporting’ were corrected and standardized using 
OpenRefine software (https://openrefine.org/) by applying the Text Facet tools. 

Data analysis 
After standardization of the information contained in the SM reports, descriptive statistical 

analyses were performed for all the categorical variables and results were reported as 
absolute and relative frequencies. 

The text containing the ‘reason for reporting’ for all SM reports was assembled into a single 
text file named the text corpus, which was analyzed in IRAMuTeQ 0.7 alpha 2 (Interface R for 
Analyses of Multidimensional Texts and Questionnaires)30. 

Based on Reinert's method32-34 this software uses algorithms that reorganize the original 
text corpus based on the repetition and sequence of words. Before the lexicographic analysis 
itself, the text is prepared according to the following steps: 1- Lemmatization of the text 
corpus, which consists of the replacement of a word by its root term (e.g., ‘ampoules’ by 
‘ampoule’; or ‘industries’ by ‘industry’). This process removes the inflectional ending of the 
word in order to normalize the text and decreases its complexity without compromising the 
precision; 2- Reduction of the text corpus into text segments - represented by each notification 
from the database; and 3- Regrouping of the text segments into context units in order to 
contain a minimum number of two active words29,35,36. 

After this process, the following analysis were conducted: 
(i) Lexicographic analysis – determination of the frequency and distribution of active words 

(i.e. words with individual meaning such as nouns and verbs) and supplementary words (i.e. 
used to assist in the construction of the text such as articles); 

(ii) Descending Hierarchical Classification (DHC) – categorization of the active words into 
similar lexical classes and subclasses, which were depicted in dendrograms. This analysis 
considers the frequency and position of a word occurring in the text, starting from a unique 
cluster and successively dividing it into subgroups. The algorithm starts by assuming that all 
active words initially belong to the same class (single cluster) and divide it sequentially, deriving 
the two most distinct word classes from the text. That is, an active word partition from the text 
corpus is created by maximizing interclass inertia and minimizing intraclass inertia. Inertia is 
defined as a measure of variation between individual profiles around the average profile. Thus, 
the greater the differences between the words, the greater the inertia between them. Row 
inertia and column inertia were used to assess associations between categories and 
contributions to variation in the data in a contingency table. Higher values generally indicate a 
stronger association and greater deviation from expected values. This interactive process is 
interrupted when the interclass inertia is not enhanced by a new data partition29,37. The extent 
of the connection between each active word and class or subclass was calculated by chi-square 
statistic (χ2). The greater the chi-square value, the more likely the hypothesis of dependence 
between the active word and the class. However, this test does not show how these two 
variables are related, so a correspondence analysis should also be performed; 

(iii) Correspondence analysis – used to create graphs by a correspondence factorial analysis 
made from the DHC, which allow the classes visualization and the proximity between similar 
according to their lexicon. This analysis decomposes the inertia by identifying a small number 
of mutually independent dimensions that represent the most important deviations from 
independence. Dimension 1 represents the largest amount of explained inertia from 
independence; dimension 2, the second largest, and so on. Dimensions are formed by 
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identifying those axes for which the distance between the profiles and axes is minimized while 
simultaneously maximizing the amount of explained inertia30,37. Categories with similar 
distribution are represented as points close in space, and categories that have very dissimilar 
distributions are positioned far apart. These plots reveal the contrasting use of vocabulary in 
the different lexical groups and the proximity of lexical items inside each of the groups; it is 
not a matter of counting occurrences, but of relations among words. The graphs are 
interpreted by the opposition of the axes32-34,38,39. 

Robustness of IRAMuTeQ analyses were evaluated considering: (i) the minimal retention of 
70% of the text segments in lexicographic analysis, (ii) a sum between axis factors of the 
correspondence analysis graphs of the subclasses close to 100, and (iii) chi-square values 
higher than 5 in the DHC analyses which represents good separation between the classes29,33. 

In order to demonstrate the usability and robustness of lexicographical analysis to identify 
SM reports objectively, we conducted a validation analysis in which the 25 main active words 
obtained per class were used to classify all the reports from the Notivisa database. Names 
were assigned arbitrarily to the classes and subclasses of SM reports by the research team, 
considering the main active words obtained during the analyses and based on terms 
previously described in the literature10,14,16,28. 

RESULTS 
Overall, 66,439 reports were initially extracted from Notivisa for the 11-year period 

evaluated, of which 61,775 (93.0%) were documented by the reporter as an SM report. Of 
these SM reports, most (68.3%) were documented from 2012 to the present. Reports were 
submitted mostly by medical centers (45.6%) and pharmacists (11.4%). The majority of SM 
mentioned in the reports were produced in Brazil (76.1%); among imported products, almost 
15% were manufactured in India. Most of these products were solutions (47.1%) or tablets 
(27.6%), with 52.0% for parenteral administration (52.0%). The total number of reports 
included 1202 different active substances. Among all the products, problems with sodium 
chloride (9.3%), followed by glucose (3.2%) and dipyrone (1.9%), were the most commonly 
reported. Further information on the SM is available in Table 1. 

Table 1 Characteristics of substandard medicines reports 

Characteristics n (%) notifications 
Year of notification  

2017–2016 14,005 (22.7%) 
2015–2014 14,519 (23.5%) 
2013–2012 13,680 (22.1%) 
2011–2010 11,055 (17.9%) 
2009–2007 8516 (13.8%) 

Reporter’s institution  
Hospital/medical services 28,160 (45.6%) 

Anvisa and regional surveillance 11428 (18.5%) 
Social assistance 4503 (7.3%) 

Research center/university 4372 (7.1%) 
Pharmacy or drugstore 1642 (2.7%) 

Industry 761 (1.2%) 
Distributor 126 (0.2%) 

Others 17986 (17.4%) 
Main pharmaceutical form  

Liquid solution 29,074 (47.1%) 
Tablet/pill 17,032 (27.6%) 

Powder 6821 (11.0%) 
Capsule 3428 (5.5%) 

Others/ Not Reported 5420 (8.8%) 
Actives  



Reports of substandard medicines: a lexicographic analysis of the Brazilian Health Surveillance Report System 

 

Rev Ciênc Farm Básica Apl. 2021;42:e753 5/14 

Characteristics n (%) notifications 
Synthetics 39,721 (64.3%) 

Fluid therapy 10,970 (17.8%) 
Biological 2130 (3.4%) 

Herbal 226 (0.4%) 
No therapeutic use 1283 (2.1%) 

Not Reported 7445 (12.0%) 
Reporting region  

North 1226 (2.0%) 
Northeast 7745 (12.5%) 

Central-West 5958 (9.6%) 
Southeast 29,716 (48.1%) 

South 16,281 (26.4%) 
Not Reported 849 (1.4%) 

Main notifier profession  
Pharmacist 7029 (11.4%) 

Engineer 60 (0.1%) 
Physician 56 (0.1%) 

Nurse 53 (0.1%) 
Others/ Not Reported 54577 (88.3%) 

Origin of medicines  
National 46,994 (76.1%) 
Imported 1705 (2.8%) 

India 250 (14.7%) 
Others/ Not Reported 13076 (21.1%) 

Main administration route  
Parenteral 32,143 (52.0%) 

Oral 22,883 (37.0%) 
Topical 1081 (1.7%) 

Others/ Not Reported 5668 (9,3%) 
Top 5 general actives  

Sodium chloride 5773 (9.3%) 
Glucose 2003 (3.2%) 

Dipyrone 1192 (1.9%) 
Water for injection 981 (1.6%) 

Omeprazole 961 (1.6%) 
Others/ Not Reported 50866 (82.3%) 

An initial lexicographical analysis of the text corpus with the ‘reasons for reporting’ revealed 
a total of 24,205 active words (82.0%) and 5305 additional words (18.0%). However, after 
standardization of the active words, the final lexicographic analysis of the corrected text 
corpus revealed 22,553 (81.0%) active words. The DHC analysis of the active words produced 
five lexical classes, with χ2 values over 5. A list of the top 25 active words per class with their 
respective χ2 values are available in Table S1 and S2 in Supplementary Material. Figure 1 
shows the results of the correspondence analysis, with categorization of the active words in 
the five lexical classes. An in-depth analysis of these classes demonstrated that SM reports 
were correctly classified into Classes 1, 2, 3, and 5. Class 4 corresponded to adverse event 
reports that were probably misclassified by the reporter as SM, but correctly identified by the 
lexicographic analyses. 

Class 1, representing 16.0% of all reports, corresponds to ‘Packaging problems’ and 
contains terms such as ‘leakage’ and ‘difficulty opening’. Class 2 (21.7% of reports) corresponds 
to inappropriate ‘Identification and content’, being represented by terms such as ‘illegible 
information’. Class 3 (10.9% of reports) refers to ‘Contamination and stability’ issues, 
containing terms such as ‘presence of particles’. Class 5 (22.9% of reports) refers to ‘Damaged 
tablets/blisters’. 

Table 1 Continued... 
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Figure 1. Correspondence analysis plot of the most frequent active words in each of the lexical groups. 

Sizes of active words are proportional to their frequency in the text. Colors correspond to the lexical 
classes (Class 1: red; Class 2: grey; Class 3: green; Class 5: purple; Exclusion (class 4): blue). The four groups 

closest to each other (1, 2, 3 and 5) refer to reports of substandard medicines. Class 4, more distant, 
that is, less related to the other groups, corresponds to notifications that were excluded from this study. 

The new DHC analysis of Classes 1, 2, 3, and 5 corresponding to SM reports generated 
10 subclasses, according to the dendrogram presented in Figure 2. Subclasses of Class 1 
(‘Packaging problems’) were classified into problems with ‘Aperture’, ‘Bulk’, and ‘Leakage’, 
covering reports such as difficulty in opening the drug, seal disintegration, improper seals, 
packaging holes, and leakage problems. Subclasses of Class 2 (‘Identification and Content’) were 
named ‘Identification’, ‘Content’, and ‘Label’, containing issues such as missing information on 
the label or vial, unreadable information (e.g. batch, date of manufacture, expiration date, 
dosage, name of the asset, among others), printing errors, empty medicine packaging, wrong 
number of vials, and unlabeled or unglued medicine. Class 3 was divided into ‘Contamination’ 
and ‘Stability’, characterized by changes in color or appearance, and the presence of particles or 
foreign bodies. Class 5 (‘Damaged tablets/blisters’) consists of the subclasses ‘Quantity and 
integrity’ and ‘Amount of blisters’, with reported problems including broken tablets, blister packs 
without or missing tablets/capsules, blisters with decayed aluminum foil, and wrinkled blisters. 
The frequency, description, main characteristics, and active words for each subclass are 
presented in Table 2. The lists of the top 25 active words with the highest χ2 for each subclass 
are available in Tables S3, S4 and S5 in Supplementary Material. The correspondence analysis 
of Classes 1 and 2 (Figure S1 and Figure S2, respectively) showed good separation (sum of the 
axis close to 100) and are presented in Supplementary Material. 
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Table 2 Frequency and description of quality problems for each class of substandard medicines 

Subclass n (%)* Description Main active words 
PF 

n (%) 
AR 

n (%) 
ATC Ther. 

n (%) 
CLASS 1 

Packaging 
problems 

10,608 
(16.0%) 

- - 
Solution 
n = 8488 
(80.0%) 

Parenteral 
n = 8520 
(80.3%) 

B05 
n = 5350 
(49.9%) 

1.1 
Aperture 

3110 
(4.7%) 

Difficulty opening or breaking 
ampoule. Risk of breakage 

when opened. Risk at the time 
of use. 

Ampoule/Difficulty/ 
Aperture/Breaking/Risk/

When/Open/Use 

Solution 
n = 2151 
(69.2%) 

Parenteral 
n = 2728 
(87.8%) 

B05 
n = 1036 
(33.3%) 

Inserting the needle into the 
ampoule, the sealing rubber 

breaks up, falling into the 
medicine/sealing rubber loose 

on medication. 

Rubber/Needle/Equipo/ 
Introduce/Medicine/ 

Fragment/Fall/Extricate 

Difficulty connecting to 
equipment. 

Equipo/Difficulty/ 
Connect 

1.2 
Bulk 

2536 
(3.8%) 

Lower volume of solution/ 
volume below that specified. 

Volume/Lower/Solution/ 
Less/Specified/Below Solution 

n = 2281 
(89.9%) 

Parenteral 
n = 2330 
(91.9%) 

B05 
n = 1887 
(74.4%) 

Punctured. Bag/Punctured 
Empty packaging or bag. Bag/Packaging/Empty 

1.3 
Leakage 

2352 
(3.5%) 

Leakage of the product. 
Leakage in the sealing region, 

in stopper, in bottleneck, in 
lateral solder. 

Leakage/Product/Sealing
/Stopper/Region/ 

Bottleneck/Lateral/ 
Solder/Body/Junction Solution 

n = 1902 
(80.9%) 

Parenteral 
n = 1325 
(56.3%) 

B05 
n = 1018 
(43.3%) 

Bottle with crack. Cracked/Crack 
Bottle with integral seal 
showing clue of leakage. 

Leakage/Present/Seal/ 
Integrate/Clue 

Leakage of content affecting 
visualization of label. 

Leakage/Content/ 
Visualization 

CLASS 2 
Identification 
and content 

14,399 
(21.7%) 

- - 
Solution 
n = 9275 
(64.4%) 

Parenteral 
n = 10,690 

(74.2%) 

J01 
n = 2015 
(14.0%) 

2.1 
Identification 

3590 
(5.4%) 

No batch number, expiration 
date, date of manufacture, 
drug name, company, or 

illegible information. 

Batch/Expiration date/ 
Fabrication/Date/ 

Number/Information/ 
Company/Illegible 

Solution 
n = 1951 
(54.3%) 

Parenteral 
n = 2114 
(58.9%) 

J01 
n = 500 
(13.9%) 

Error printing labels. Error/Print/Label 

2.2 
Content 

4040 
(6.1%) 

Sealed packaging, box, or 
ampoule without contents 

inside. 

Packaging/Seal/Box/ 
Empty/Inside/Content/ 

Ampoule 
Solution 
n = 2727 
(67.5%) 

Parenteral 
n = 2955 
(73.1%) 

B05 
n = 556 
(13.8%) 

Sealed packaging/boxes 
without medication or with less 

quantity. When opening the 
secondary packaging, a smaller 

amount of ampoules were 
detected. 

Box/Packing/Amount/ 
Secondary/Detect/Lower
/ Inferior/Open/Ampoule 

2.3 
Label 

3503 
(5.3%) 

Label or tag taken off. Label/Tag/Take off Solution 
n = 2303 
(65.7%) 

Parenteral 
n = 2954 
(84.3%) 

J01 
n = 582 
(16.6%) 

Lack of identification. No 
identification label. 

Label/Identification 

CLASS 3 
Contamination 

and stability 

7218 
(10.9%) 

- - 
Solution 
n = 4036 
(55.9%) 

Parenteral 
n = 5226 
(72.4%) 

B05 
n = 1558 
(21.6%) 

3.1 
Stability 

4013 
(6.0%) 

Color change, coloration. Color 
change from colorless, light to 

yellow. Solution yellowish. 

Coloring/To present/ 
Alteration/Yellowish/ 

Yellow/Color Solution 
n = 1692 
(42.2%) 

Parenteral 
n = 2794 
(69.6%) 

J01 
n = 978 
(24.4%) 

Color change after dilution or 
reconstitution. 

Alteration/Color/ 
Dilution/Reconstitute 

Different aspect, yellowish 
aspect, turbid, milky. 

Aspect/Different/Milky/ 
Turbid/Yellowish 

3.2 
Contamination 

2418 
(3.6%) 

Presence of foreign body in the 
solution. Black dots in solution 

in closed, sealed ampoule. 

Foreign/Body/Presence/ 
Ampoule/Seal/Black 

Solution 
n = 1833 
(75.8%) 

Parenteral 
n = 1852 
(76.6%) 

B05 
n = 896 
(37.0%) 

Presence of piece of 
glass/plastic. 

Presence/Plastic/Piece 

Suspended particles in 
ampoules. 

Particle/Ampoule 
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Subclass n (%)* Description Main active words 
PF 

n (%) 
AR 

n (%) 
ATC Ther. 

n (%) 
Presence of fungus in solution. Presence/Fungus 

CLASS 5 
Damaged 

tablets/blisters 

15,219 
(22.9%) 

- - 
Tablet 

n = 12,186 
(80.1%) 

Oral 
n = 14,553 

(95.6%) 

N06 
N = 1381 

(9.1%) 

5.1 
Quantity and 

integrity 

12,537 
(18.9%) 

Blister with missing tablet. 
Sealed blister without tablet. 

Tablet/Blister/Cartouche/
Seal 

Tablet 
n = 10,673 

(85.1%) 

Oral 
n = 12,436 

(99.2%) 

C09 
n = 1234 

(9.8%) 

Two tablets in the same blister. Tablet/Bubble/Inside 
Broken, crumbled, missing 

piece. Wrinkled, cracked tablet 
in full blister. 

Tablet/Blister/Broken/ 
Piece/Crumble/ 

Wrinkled/Cracked 
Crumpled blister. Cartouche 

with broken metal part. 
Blister/Wrinkled/ 

Cartouche/Metallic 
5.2 

Amount of 
blisters 

2169 
(3.3%) 

Excess blisters in the box. Box/Excess 
Tablet 

n = 1296 
(59.8%) 

Oral 
n = 1672 
(77.1%) 

N06 
n = 354 
(16.3%) 

PF: pharmaceutical form; AR: administration route; ATC Ther.: ATC therapeutic; B05: blood substitutes and perfusion solutions; C09: agents acting on the renin–angiotensin system; J01: 

antibacterials for systemic use; N06: psychoanaleptics. *Percentages of classes and subclasses do not sum to 100% because some reports were not eligible for classification. 

 

Figure 2. Schematic dendrograms of classes and subclasses of substandard medicines, formed by the 
descending hierarchical classification analysis of the active words of the analyzed lexicon. The colors of the 
classes and subclasses were chosen by IRAMuTeQ and correspond to those used in the correspondence 
analysis. Correspondence analysis plots were only generated for three or more lexical classes; therefore, 

‘Damaged tablets/blisters’ and ‘Contamination and stability’ subclasses are represented without colors 

The validation analysis allowed the correct classification of 78.4% of SM reports in their 
respective class. The remaining reports could not be objectively classified because they 
presented an equal probability of belonging to more than one lexical class. 

Table 2 Continued... 
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DISCUSSION 
Our study was able to objectively classify the main reasons for quality deviation from more 

than 60,000 SM reports of the Brazilian Health Surveillance Notification System, dividing them 
into four main classes and 10 subclasses. The results of the analyses were found to be robust, 
with over 70% retention of the text segments in the lexicographic analysis, along with χ2 values 
over 5 in the DHC and sum between axis factors close to 100 in the correspondence analysis. 
Our analyses were performed using data from the Brazilian National System database, and we 
cannot guarantee that our results extend completely to other reporting databases. 

Considering the large amount of heterogeneity and bias to which SM reporting reasons are 
subjected (e.g. open fields to be fulfilled by the reporter), content analysis is a difficult task; 
however, lexicographic analysis an innovative, broader, secure and credible data analysis 
approach for mapping text databases25,40 facilitated the objective classification of verbose SM 
reports, which could guide actions in drug quality surveillance. This analysis allows to employ 
statistical calculations on qualitative data; the vocabulary is identified and quantified in the 
frequency and also in relation to its position in the text. This is subjected to statistical 
calculations for later interpretation, overcoming the dichotomy between quantitative and 
qualitative research41. 

The main reasons for SM reporting included packaging problems, inadequate drug 
identification and content, stability, contamination, and damaged tablets/blisters. These classes 
are similar to those reported in previous studies using other analytical methods, which confirm 
them as the major reasons for quality deviations of medical products worldwide. Juhlin et al.42 
reported that an inappropriate amount of tablets and the presence of particles were the most 
frequent quality problems in manufactured drugs, while Caudron et al.43 classified quality 
problems into irregular filling of vials, contamination, mislabeling, poor stability, and packaging 
issues, and Tabernero et al.15 reported packaging problems and chemical changes. 

Problems related to ‘damaged tablets/blisters’ were the most prevalent among the SM 
reports analyzed, which is consistent with the pharmaceutical market scenario, where solid 
dosage forms account for more than 70% of all preparations44. Although tablets require fewer 
precautions in terms of microbiological quality standards compared to parenteral formulations, 
the consequences of poor quality of this pharmaceutical form cannot be ignored. There are 
records of deaths in Pakistan due to contaminated tablets of antimalarial drugs17, also warned 
about by Almuzaini et al.10 in 2014. Injectable drugs have the highest quality requirements 
(including sterility of the solution), yet SM reports for these products are also frequent45. 

Conversely to previous studies, where most SM reports were submitted by people working 
in the pharmaceutical industry, physicians, and pharmacists10, we found that almost half of 
the Brazilian reports were submitted by hospitals, clinics, and other medical care centers. This 
may occur given the organization of the national healthcare system, where sentinel hospitals 
have a strategic position and important role in pharmacovigilance activities46,47. For imported 
medicines, India was the main manufacturing country. Studies suggest that about 12–25% of 
drugs supplied globally by India are either contaminated, substandard, or falsified48. Another 
study demonstrated that Indian drug manufacturers export lower-quality medicines to low-
income countries compared to higher-income countries or even distribution in India itself. A 
potential reason for this may be the weaker and flawed regulatory control systems existing in 
emerging countries49. Other studies also highlight that complaints about drug quality seem to 
be more prevalent in countries with the worst regulatory control6,50. Although substandard 
medicines exist around the world, bad-natured manufacturers have a particular preference 
for where regulatory efforts are absent or minimal40. Caudron et al.43 drew attention to the 
fact that manufacturers can execute production processes parallel to the main production 
line, adjusting their pattern according to the recipient country. This raises concerns about how 
regulatory agencies are actually ensuring the quality of medicines. 

The volume of SM reported in Brazil is higher than in other countries10,14. The volume of SM 
reported in Brazil is higher than in other countries. According to a 9-year analysis of the 
Canadian regulatory agency, between 2005 to 2013, 649 substandard drugs were found7, 
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while in the United Kingdom, in a 11-year study, only 280 defective drugs were reported11. We 
are not sure if this higher prevalence is real or is associated with weaker SM reporting systems 
in other emerging countries, which may underestimate the amount of SM drugs in these 
countries. Although some studies highlight a global increase in SM reports over recent 
years10,14,19, it is not possible to conclude if this rise is due to better detection of SM by the 
regulatory agencies or to an increase in SM production. In this scenario, further studies to 
develop or improve classification systems for SM reports around the world are needed. To 
facilitate rapid SM report analysis, our study advocates for the creation of additional multiple-
choice fields in electronic reporting systems, namely the classes resulting from our DHC 
analysis. This standardization could also reduce typing errors and optimize form-filling time. 

Our study has some limitations. Some of the reports could not be classified into classes 
and subclasses because they had similar probabilities of belonging to more than one class. 
Further analyses with more active words could be performed to solve this problem. This study 
focused on the analyses of SM reports; thus, data should be interpreted in this scenario. No 
extrapolation of the results to other type of reports (e.g. spontaneous notifications of 
suspected adverse drug reactions, counterfeit drugs) were performed. 

CONCLUSIONS 
By using a lexicographic analysis approach on a large pharmacovigilance database, we 

identified the reasons for SM reports and classified them objectively into four main classes 
and 10 subclasses. This classification could guide the standardization of SM reporting and 
contribute to improving surveillance reporting systems worldwide. 
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