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ARTICLE INFO 

 

ABSTRACT 

Commercial products in markets must meet the regulatory and quality 

control criteria to be acceptable for the intended use. While it is mandatory 

that each product batch must meet specification limits, the stability and 

efficiency over the long term are underestimated. The present study was 

conducted on the chronological trend of a healthcare product using a 

statistical software package, including correlation matrix and multivariate 

analysis. The investigated quality characteristics were the average filling 

weight, relative density, pH and the relative potency of three active 

components, in addition to a chemical preservative. The database was 

processed in an Excel sheet and was subjected to descriptive statistical 

overview, histogram plot, box plot diagram, time series plot, correlation 

matrix table and Principal Component Analysis. The investigation showed 

that despite all batches passed quality control tests successfully yet there 

were signs of instability, fluctuations or oscillations and drifts in all quality 

metrics, with outlier values that could be observed. Non-parametric 

correlation demonstrated some level of association between some 

inspection characteristic indicators. PCA illustrated the major variability 

influencer and clustering tendency among studied quality markers that 

guided the grouping of the dataset. The study pinpointed the improvement 

needed to ensure product stability, efficiency and quality.  

ÖZ 

Piyasalardaki ticari ürünler, kullanım amacına uygun olarak kabul 

edilebilir olması için düzenleyici ve kalite kontrol kriterlerini 

karşılamalıdır. Her ürün serisinin spesifikasyon limitlerini karşılaması 

zorunlu olmakla birlikte, uzun vadede stabilite ve verimlilik hafife 

alınmaktadır. Bu çalışma, korelasyon matrisi ve çok değişkenli analiz 

içeren istatistiksel bir yazılım paketi kullanılarak bir sağlık ürününün 
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kronolojik eğilimi üzerinde yürütülmüştür. Araştırılan kalite özellikleri, bir 

kimyasal koruyucuya ek olarak, ortalama dolum ağırlığı, bağıl yoğunluk, 

pH ve üç aktif bileşenin bağıl gücüydü. Veritabanı bir Excel sayfasında 

işlendi ve tanımlayıcı istatistiksel genel bakışa, histogram grafiğine, kutu 

grafiğine, zaman serisi grafiğine, korelasyon matrisi tablosuna ve Temel 

Bileşen Analizine tabi tutuldu. Araştırma, tüm serilerin kalite kontrol 

testlerini başarıyla geçmesine rağmen, tüm kalite ölçümlerinde 

gözlemlenebilen aykırı değerlerle birlikte istikrarsızlık, dalgalanmalar 

veya salınımlar ve sapmalar olduğunu gösterdi. Parametrik olmayan 

korelasyon, bazı denetim karakteristik göstergeleri arasında bir düzeyde 

ilişki olduğunu göstermiştir. PCA, veri kümesinin gruplandırılmasına 

rehberlik eden incelenen kalite belirteçleri arasındaki ana değişkenlik 

etkileyicisini ve kümelenme eğilimini gösterdi. Çalışma, ürün istikrarını, 

verimliliğini ve kalitesini sağlamak için gereken iyileştirmeyi belirledi.  
 

1. INTRODUCTION 

In everyday life, millions of people are frequently get exposed to a fairly huge number of 

consumable products for application and/or ingestion [1]. A significant fraction of these goods includes 

healthcare items which must be tested routinely and rigorously for their indicator metrics to be accepted 

for release from the firm. Then, these products are distributed into the market for consumption by the 

customers or patients [2]. Safety, efficiency and quality are integral aspects that must be insured to be 

integrated into the final finished product for use [3]. In the modern business quality concept, acceptable 

goods that could be dispatched and distributed in the market after satisfying regulatory specifications 

must not be considered as the sole indicator for a solid long-lasting successful industry [4]. In the first 

place, it was the quality management concept which should be disseminated in the organization that 

would pool into the final product [5]. The benefits of ensuring good practices in a specific industry were 

reflected not only in its image and reputation but also in reproducible, stable and reliable outputs with 

predictable characteristics.  

Every year, many recalls of products must be monitored, recorded and controlled worldwide 

with various degrees of severity and devastation. For example, Food and Drug Administration (FDA) 

had reported regularly an appreciable number of recalls for medicines and healthcare products for 

different causes such as lack of efficacy, safety and quality [6]. These events had happened despite many 

of these goods were not problematic before. In many cases, thorough investigations usually revealed a 

gap or problem associated with integrated quality management that is linked to the affected product [7]. 

Thus, it was understood that although products might meet the intended specification limits, yet 

challenging issues could be hidden when analysed quantitatively over the long-term which were affected 

by the processes and operations involved in the product creation life cycle [8]. These defects might 

eventually lead to unwanted events of out-of-specifications (OOSs), recalls and excursions campaigned 

with financial loss and distorted company image and reputation.   
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The present work aimed to establish a quality and safety monitoring system for the market 

products to provide an early warning system before aberrant goods and recall would occur reflecting 

hidden and/or minor defects that could spark major excursions in the future through a chronological 

shift in the inspection quality characteristics of the products. This would be important also for the 

manufacturer to investigate the unintended factors that contribute to the product manufacturing errors 

and defects. The study herein focused on long-run analysis and trending of a randomly selected 

commercial healthcare product in the market. Product analysis and inspection of the quality control 

characteristic metrics must be inspected for evaluation. Creation of long-term database was ensured, and 

the collected records should be arranged chronologically for further processing. Statistical investigation 

of the individual inspection characteristics to determine the quality, stability and dispersion pattern of 

the recorded observations. Degree of association between measured parameters should follow to assess 

the influence and the link between inspection properties datasets on data quality and pattern using 

correlation matrix and multivariate analysis. Identification of the quality of the inspection metrics 

quantitatively would be crucial to guide and manage the operational steps that lead to the final product 

excellence. Objective decision-making would be accomplished as either sustain or improve, when the 

examination procedure showed either efficiency and stability or deficiency and inadequate quality, 

respectively. 

 

2. MATERIAL AND METHOD 

The study subject comprised a chronological series of a liquid healthcare product in the market 

that was analysed physically and chemically in an independent drug research laboratory. Results were 

reported and recorded in an electronic storage system that could be converted into other software format 

for further processing and trending. Datasets of all inspection characteristics were created in form of an 

Excel sheet [9]. The examined properties were the average filling weight of the product in the primary 

packaging material, the relative density, pH value, the relative potencies of three active pharmaceutical 

ingredients (APIs) and a preservative that is used to preserve a multiuse product from the microbial 

spoilage [10-12]. A quantitative evaluation of the product quality was conducted using a statistical 

software platform as will be discussed in the following sections. 

 

2.1 Graphical Analysis and Descriptive statistics of Long-Term Dataset of the Inspection 

Properties 

The dispersion pattern of long-term datasets of the individual inspection characteristics columns 

was studied using both graphical presentation and summary of a statistical description to understand the 

distribution of the observations for a continuous data-type [13]. This type of analysis was used to study 
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process stability, trend, pattern and clusters in the readings [14]. In the statistical program, the graphical 

Summary was used to summarize numeric data with a variety of statistics such as the sample size, mean, 

median, and standard deviation [15]. Data distribution could be described with graphs, through 

conducting an Anderson-Darling (AD) normality test and obtain Confidence Intervals (CI) for the mean, 

standard deviation, and median [15]. Complementary column statistics – including Coefficient of 

Variation (CV), geometric mean with upper and lower 95% CI, skewness and kurtosis determinations - 

was performed using GraphPad Prism v6.01 for Windows [16]. 

 

2.2 Correlation Matrix, Dendrogram and Multivariate Analysis of Product Quality Metrics  

Numerical and graphical presentation of correlation between datasets - as a correlation matrix 

and matrix plot - were conducted using GraphPad Prism v6.01 and In Minitab® v17.1.0, respectively 

[17,18]. While multivariate study using Principal Component Analysis (PCA) was conducted using 

Minitab® v17.1.0. Matrix plots typically implicated the following elements: a matrix of scatterplots, 

rows and columns of the matrix, each of which represents a separate variable and an internal x- and y-

axis scale for each scatterplot. In a matrix of plots, the lower-left graphs are mirror images of the upper 

right graphs. A matrix plot was used to assess the relationships among several pairs of variables at once. 

Displays of plots for judging the importance of the different principal components could be generated, 

along with the scores of the first two principal components to be investigated, and the outliers would be 

spotted.  

The Scree figure (eigenvalue profile plot) included the eigenvalue associated with a principal 

component versus the number of the component. This plot was used to judge the relative magnitude of 

eigenvalues [19]. Biplot for the first two components was also selected to plot an overlay of the score 

and loading plots for the first two components. The PCA would be useful to help you to understand the 

underlying data structure and/or form a smaller number of uncorrelated variables (for instance, to avoid 

multicollinearity in regression) [20]. Points were the projected observations; vectors corresponded the 

projected variables. If the data were well-approximated by the first two principal components, a biplot 

could enable visualization of high-dimensional data by using a two-dimensional graph [21]. An outlier 

plot was also selected to plot the Mahalanobis distance for each data point. This diagram identified 

outliers in multivariate space [19,21]. A point above the Y reference line represented an unusual 

observation [22]. The dendrogram is a tree diagram that was used to display the groups that were formed 

by clustering observations at each step and their similarity levels. The similarity level was measured 

along the vertical axis (alternately, the distance level could be displayed), and the different observations 

were listed along the horizontal axis [23].  
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In the dialog box items for PCA, a type of matrix must be selected. The covariance would be 

chosen to calculate the principal components following covariance matrix selection. The covariance 

matrix was chosen taking into consideration that standardization was not needed for variables. 

Otherwise, the correlation must be selected to calculate the principal components using the correlation 

matrix. Since variables must be standardized to obtain a correct component score, a correlation type of 

matrix was selected [22,23]. The principal components included the linear combinations of the original 

variables that account for the variance in the data. The maximum number of components extracted 

always should equal the number of variables [24]. The eigenvectors, which were comprised of 

coefficients corresponding to each variable, were used to calculate the principal component scores. The 

coefficients were used to indicate the relative weight of each variable in the component [23,24]. The 

bigger the absolute value of the coefficient, the more important the corresponding variable would be in 

constructing the component.  

 

3. RESULTS AND DISCUSSION 

3.1 Graph and Summary Statistics of Data Distribution with Performance Analysis 

Quality control (QC) inspection of the prepared medicinal products have become an 

indispensable task that provides oversight on the inspection characteristics of the final preparation in the 

compounding and formulation areas in a healthcare firm [25]. However, the reliance only on the batch-

wise direct testing for just pass or fail criteria would not be not enough to judge the dissemination of the 

comprehensive quality management concept and system through the whole organization [26]. It is the 

statistical process trend analysis that would reveal the underneath deformities. The necessary 

adjustments in the system could be accomplished through the study of the inspection properties of the 

products. In turn, these characteristics were regarded as crucial aspects for the consistency and stability 

of the quality over fairly long runs [27,28]. All the monitored properties showed no Out-Of-Specification 

(OOS) with zero expected and the observed Defects-Per-Million-Opportunities (DPMO) or Part-Per-

Million (PPM). There is no apparent defect in any of the 838 studied batches. 

The tabulated statistics table of Figure 1-5 summarized information about each item and the 

total for all items: Total count which represented the number of observations, the mean (obtained from 

the sum of all observations divided by the total count) and the Standard Deviation (St.Dev.) which was 

used as a measure of dispersion analogous to the average distance (independent of direction) of each 

observation from the mean [29]. The collected sample data had more than 50 (N = 438 and 838 points 

for microbiological and non-microbiological analysis) observations, which would provide enough 

information to represent the dispersion pattern of the dataset. As the sample size would grow a more 
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precise estimate of the process parameters, such as the mean and standard deviation could be attained 

[30]. The lower number of microbial enumeration database could be attributed to the applied skipping 

analysis plan schedule for the verified bioburden quality of the preparation [40]. Observations spreading 

were shown numerically in the column statistics in Figures 1 to 5, with mean, median and St.Dev. 

demonstrated at a 95% Confidence Interval (CI). 

Outliers could strongly influence the results of any statistical analysis that is performed on the 

recorded observations [31]. A few of the dataset results were aberrant values, which were regarded as 

records that do not seem to be consistent with the remaining of the database. Since excursions might 

robustly lever the outcomes of any statistical study that was performed on the data, Identification of the 

cause of the unusual nature of these outliers should be investigated [32]. Verification of the sources of 

special-cause variation should be conducted and the data table in the program should be amended so 

that any entries in the cell(s) are corrected [33]. When there were no outliers - which are data points that 

do not appear to belong with the rest of the data – then all observations were considered homogenous 

and the noises in the time series plot could be attributed to the common-cause variations only which 

were considered normal statistical variation of the process. 

The current study provided an integrative investigation of product goodness through the 

examination of the quality long-term database of the inspection characteristics of the medicinal dosage 

form. Graphical and descriptive summary of the statistical analysis of bioburden load (TVAC and 

TYMC), average filling weight, relative density, pH and the relative potencies of three APIs and 

antimicrobial preservative were shown in Figures 1 to 5. While data pattern and spreading tended to be 

simple and consistent in microbial enumeration test – with few aberrant values (indicated by asterisks 

in the box plot diagram, physical and chemical tests were more complex being two-sided properties 

around the mean values. The microbial score count dataset demonstrated a clear non-compliance to the 

bell-shaped of the Gaussian distribution due to limited count number variation which was an expected 

event in contrast to the continuous data type. This behaviour is common in microbiological count data 

and had been reported previously [34]. 

Nevertheless, the variable nature data type of both physical and chemical data properties 

(illustrated by histograms and box and whisker plot) showed dispersions that approached normality to a 

certain degree. This factual was observed despite failure of the Anderson-Darling (AD) test due to 

anomalies in the shape. Instances of unusual incidences included a flattened multimodal pattern in the 

average filling weight indicating multiple operations affecting one process. In addition, there were 

events that involved two isolated distributions as one major and one minor peaks with distant 

observations in the relative density measurement. Also, skewed distribution with distant outlier 

observations in pH measurements had been spotted. A possible two interfering distributions at the peak 
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in the relative potency determination of API 1 was another observed phenomenon. The same - as in the 

average filling weight - could be observed with API 2 assay where an apparent multiple dispersion might 

interfere. Interestingly, it was the only parameter with no obvious outlier readings. The relative potency 

analysis dataset of API 3 was the closest in the spreading to the normal distribution despite the presence 

of some excursions in some readings. Again, the histogram of the relative potency of the preservative 

demonstrated a departure from normality due to excursions from high readings and single low excursion 

affecting the Gaussian distribution pattern. 

Apart from the intermittent excursion of outlier observations in the time series plot, most 

inspection characteristics might show mixed and oscillating patterns of data trend. This fact could be 

attributed to intermittent shifts in the mean value along with some drifts and/or repeated behaviour. 

Thus, the out-of-control status of the means of inspected properties would be linked to the unstable 

variations between points in the moving range (MR) sequence. In turn, the instability of the operation 

could impact the precision of the evaluation of the process capabilities, despite a large number of 

observations reported [35]. All datasets failed to follow specific dispersion shapes even after 

transformation, except the average filling weight where it passed the normality test after Box-Cox 

transformation at λ = -5.00. The distorted distribution shape was affected by the heterogeneity of the 

reported outcome of the analysis which reflected inconsistent operations that influence the properties. 

In turn, the potential (within) process capability would be narrower and sharper in shape - if process 

shifts and drifts were eliminated – than the actual (overall) capability.  

Table 1 showed other statistical tests that complement those in Figures 1 - 5 to be more 

informative about that quantitative nature of data. For example, skewness and kurtosis provided a 

numerical indication for the magnitude of deviation for the observations from the hypothetical 

distribution. Both geometric means and arithmetic means were almost identical. Coefficient of Variation 

(CV) expresses the spreading of data in the observation series around the average values [36]. In the 

current case, the lowest and the highest dispersions percent were demonstrated by the relative density 

and the relative potency of the preservative assay, respectively. 
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Figure 1. Long-term statistical microbiological count assessment of TVAC and TYMC 
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Figure 2. Long-term statistical assessment of the average filling weight and relative density of the product 
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Figure 3. Long-term statistical assessment of the pH and API 1 assay of the product 
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Figure 4. Long-term statistical assessment of the API 2 and API 3 of the product 
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Figure 5. Long-term statistical assessment of the preservative in the product 

 

Table 1. Column statistics of healthcare product inspection characteristics 

a CV also is known as Relative Standard Deviation (RSD) which equals to ratio of the standard deviation to the mean. 
b Geo. mean is an average value determined by xth root of the product of multiplication of x numbers together. 
c 95% confidence interval is a range of values that with 95% certainty would be expected to contain the true mean of the 

population.  
d Quantification technique for the distribution degree of symmetry, where the ideal distribution has a value of zero. 
e Quantification method of the tailing of certain distribution for matching to the Gaussian dispersion pattern. 

Descriptive 

Statistics 

Average 

Filling 

Weight 

pH Density 
Assay of 

API 1 

Assay of 

API 2 

Assay of 

API 3 

Assay of 

Preservative 

Coefficient of 

variation (%) a 
1.11 2.42 0.27 1.53 2.09 2.05 2.89 

Geometric mean b 116.9 5.31 1.148 100.2 99.85 100.4 101.8 

Lower 95% CI of 

geo. mean c 
116.8 5.31 1.148 100.1 99.7 100.2 101.6 

Upper 95% CI of 

geo. mean c 
116.9 5.32 1.148 100.3 99.99 100.5 102.0 

Skewness d 0.000 0.071 0.000 0.211 -0.088 0.144 0.966 

Kurtosis e -0.122 2.102 12.140 0.405 -0.614 0.077 3.807 
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3.2 Investigation of Degree of Association Between Inspection Properties of the Product 

Table 2 showed the degree of correlation between different product markers numerically as 

coefficient and P values using non-parametric Spearman matrix at 95% confidence interval. The shape, 

pattern, predominant one-to-one relationship trend and cluster distribution were shown as matrix plot in 

Figure 6. A low-level correlation was observed between the relative density and the relative potency of 

the preservative with the assay of chemical components. In general, the other physical properties did not 

correlate appreciably either with each other or with the chemical potencies of the product. However, a 

higher level of data association was observed between the three APIs, notably, API 3 with API 1 and 

API 2. This overview might help in the decision on which variables to include in a model and how to 

model them when looking at the array of scatterplots to see which variables appeared correlated [37].  

Table 2. Non-parametric two-tailed Spearman correlation matrix at 95% confidence interval for the indicators 

¥ Spearman r(rs) replaced Pearson correlation for non-Gaussian distribution. 
₾ If the P value is diminishing, then rejection of the idea that the correlation is due to random sampling and vice versa. 

 

If a predictor variable was not correlated with the response variable, it might be desirable to 

exclude the predictor from the model. If a relationship was curved, then it might be needed to include 

higher-order terms to accurately model the curvature (e.g. polynomial regression) [38]. Thus, the 

correlation matrix was used to assess the strength and direction of the relationship between two items or 

variables. Items that could measure the same construct should have high, positive correlation values. If 

the items were not highly correlated, then the items might be ambiguous, difficult to understand or 

measure different constructs [39]. Often, variables with correlation values greater than 0.7 were 

considered highly correlated. However, the correlation benchmark values would depend on subject area 

knowledge and the number of items in the examined data [40]. Nevertheless, the significance of the 

interconnection level between product properties was not high enough (≥ 0.40 and ≤ 0.65) to justify 

Correlation 

Coefficient¥ 

 

P₾ 

Average 

Filling 

Weight 

pH Density 
Assay of 

API 1 

Assay of 

API 2 

Assay of 

API 3 

Assay of 

Preservative 

Average Filling 

Weight 
 -0.08 0.06 -0.08 0.06 0.03 0.14 

pH 0.01566  -0.14 -0.17 -0.22 -0.25 -0.18 

Density 0.10781 0.00008  0.42 0.47 0.40 0.40 

Assay of API 1 0.02578 0.00000 0.00000  0.58 0.61 0.42 

Assay of API 2 0.07439 0.00000 0.00000 0.00000  0.63 0.50 

Assay of API 3 0.40487 0.00000 0.00000 0.00000 0.00000  0.41 

Assay of 

Preservative 
0.00005 0.00000 0.00000 0.00000 0.00000 0.00000  
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modelling. The scattering patterns of the points around the positive relationship lines were not directive 

to a promising correlation between pairs of items to produce a satisfactory and reliable quantitative 

model.  

 

Figure 6. Association pattern matrix between variables of the inspection quality characteristics 

3.3 Multivariate Analysis for Indicator Test of the Product 

Survey analysis of continuous observations included studying the relations between the 

variables. PCA was used to form a smaller number of uncorrelated variables from a large set of data 

[41]. The goal of the PCA was to explain the maximum amount of variance with the fewest number of 

principal components. PCA could be used with large data sets in the study to determine the major metrics 

of the quality of a specific product. This multivariate methodology was commonly used as one step in a 

series of analyses [42]. Hence, the PCA was used to reduce the number of variables and avoid 

multicollinearity, or when too many predictors relative to the number of observations could be observed 

[43]. In the present case, a healthcare product was analysed for important quality aspects that were 

needed for its intended purpose. These inspection characteristics involved the average filling weight, 

relative density, pH and the assay of the three active components, in addition to the preserving 

compound. A PCA was conducted to see if they can form a smaller number of uncorrelated variables 

that were easier to interpret and analysed to be used as major indicators for the item quality.  

The results suggested the following patterns: Relative density and assay of APIs 1, 2, 3 and the 

preservative could be categorized under a "product efficiency" component. Average filling weight forms 
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a "product amount" component. The level of pH value forms a "stability/solubility" component. Figure 

7 showed the grouping of the QC examination items for the product. Interpretation of dendrogram 

illustrated how the clusters were formed at each step and to assess the similarity (or distance) levels of 

the clusters that were formed. Based on the similarity (or distance) levels, the pattern of how similarity 

or distance values change from step to step would help to choose the final grouping for the database. 

The step where the values changed abruptly might identify a good point to define the final grouping 

[44]. In the present situation the similarity value changed from 36.51 for the overall observations to 

48.30 in the left branch, then 63.26, 66.71, 79.72 and 81.82 on the right side. The right branch made the 

most sense of data grouping. Thus, the product efficiency component as in the biplot was sought as a 

convenient cluster. This final decision was called “cutting the dendrogram” [45]. the angles between the 

vectors represented a visual indication to the degree by which characteristics correlate with one another. 

When two or more vectors were close, forming a small angle, the variables under investigation were 

positively correlated. If the lines were perpendicular, they were not likely to be correlated. When they 

diverged and formed a large angle (close to 180°), they are negatively correlated [23].  

The biplot combined the score and loading graphs [46]. The biplot was used to examine the data 

structure and loadings on one figure. The second principal component scores were plotted versus the 

first principal component scores [22]. The loadings for these two principal components were plotted on 

the same graph. This biplot demonstrated the following: the left and bottom axes were for the PCA plot 

which was used to read PCA scores of the observations (points). The top and right axes belonged to the 

loading plot which was used to read how strongly each quality property (vector) influences the principal 

components [23]. Relative potency determinations for the four chemical entities had large positive 

loadings on component one. Therefore, this component focused on the product's long-term quality 

stability. On the other hand, pH had large negative loadings on component two. Therefore, this 

component focused on the product's bygone quality trend. 

The outlier graph in Figure 8 demonstrated outlier points beyond the reference line. Any point 

that was above the reference line was considered an outlier. Outliers could significantly affect the pattern 

and stability of the trend under examination [22,45]. Therefore, if an outlier was identified in the dataset, 

Investigation of the aberrant observation should be executed to understand why it is unusual to improve 

process or characteristic stability. Thus, the test pinpoints to the excursions in the pattern to correct any 

measurement or data entry errors [23,45]. Accordingly, removing data that were associated with special 

causes and repeating the analysis should be considered. Scree plot displayed the eigenvalues associated 

with a component or factor in descending order versus the number of the components or factors. It was 

used in PCA to visually assess which components accounted for most of the variability in the data [47].  
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Figure 7: Major components categorization of the product under examination 
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Figure 8. Outlier plots of Principal Component Multivariate analysis of the product 

The ideal pattern in a scree plot would be observed as a steep curve, followed by a bend and 

then a flat or horizontal line. Those components or factors in the steep curve - before the first point that 

started the flat line trend – should be retained [20,48]. Using knowledge of the data and the results from 

the other methods of selecting components or factors would help to decide the number of important 

components or factors [20,48]. In these results of Figure 9, the first three principal components had 

eigenvalues greater than one. These three components explained most of the variation in the data. The 

scree plot showed that the eigenvalues started to form a straight line after the third principal component. 

Therefore, the remaining principal components accounted for a very small proportion of the variability 

(close to zero) and were probably unimportant. Eigen analysis of the Correlation Matrix was as the 

following: Eigenvalue (2.7696, 1.0836, 1.0160, 0.7398, 0.6572, 0.3906 and 0.3433), as a proportion 

(0.396, 0.155, 0.145, 0.106, 0.094, 0.056 and 0.049) and as a cumulative (0.396, 0.550, 0.696, 0.801, 

0.895, 0.951 and 1.000). For the variables that showed Eigenvalue greater than one from the observation 

of variables viz (average filling weight, pH, density, relative potency of API 1, API 2, API 3 and 

preservative), (PC1, PC2, PC3) were as the following: (0.024, 0.897, -0.026), (-0.196, -0.116, -0.826), 

(0.303, 0.055, -0.524), (0.476, -0.241, -0.060), (0.509, -0.029, -0.002), (0.492, -0.111, 0.152) and (0.377, 

0.328, -0.126), respectively. 

Commercial products that were released in the market for consumption by the customers were 

normally expected to meet the rigorous official and regulatory specifications as they may impact their 
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health and even life. Yet every year, a growing list of the recalled products could be observed due to 

various issues affecting products' usability. This work highlights the potential risk of the failure of the 

goods due to drifts in the inspection characteristics of the product that would not be detected using the 

classical reliance on the specification release criteria. The present study demonstrated the detection of 

the stability of each quality inspection criteria over the long term. The insight into the product quality 

could be interpreted easily through dimensionality reduction of the multiple inspection tests. It was 

evident from this research that the investigated inspection characteristics of the studied product needed 

further improvement from the manufacturer side in terms of the stability and consistency of the quality 

criteria. 

 

Figure 9. Scee plots of Principal Component Multivariate analysis of the product  

 

4. CONCLUSION 

The dissemination of quality concepts through the implementation of good practices in various 

fields (GxP) in any industry is crucial for a long-lasting successful business. Long-term monitoring of 

the key quality metrics of any market goods reveals the stability and consistency of the operations and 

processes performed on the created product. The studied inspection characteristics should be evaluated 

in terms of correlation, variability and impact on the value of the delivered items to the customers. The 

applied statistical tools in the present case were simple, effective and time-saving for large database 

analysis and investigation where safety, efficacy and quality of healthcare products are crucial for the 

health of the consumers in the challenging world of the ever-increasing ailment conditions that affect 
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the human being and impact healthcare sector. Also, the study sounds an alarm clearly for the potential 

risk of the presence of a fairly large number of the products in the market that meet specification limits 

although they are not showing stable characteristics patterns of long-run operations. 
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