
RESEARCH PAPER 

IJDDT, Volume 16 Issue 43s, 2026 Page 580 

 

Kernel Density Estimation Enhanced Shewhart Statistical 
Quality Control Chart For Real Time Toxicological Process 

Monitoring in Pharmaceutical Manufacturing 
 

, Firdaus Mohamad 3, Yuzainee Md.Yusoff2, Zarina Itam1*Suhib A. Alrtaimat
4Hamzah 

College of Graduate Studies, Universiti Tenaga Nasional (Uniten), Malaysia.1* 
Email: saudisuhaib5@gmail.com 

Https://Orcid.Org/0000-0002-9549-1513 
Institute of Energy Infrastructure, Universiti Tenaga Nasional (Uniten), Malaysia2 

Email: izarina@uniten.edu.my 
Department of Civil Engineering, College of Engineering, Universiti Tenaga Nasional (Uniten), 3

Malaysia 
Email: yuzainee@niten.edu.my 

National Defense University of Malaysia (Upnm), Malaysia4 
Email: firdaus.hamzah@upnm.edu.my 

Received: 17th Mar, 2026 | Revised: 29th Mar, 2026 | Accepted: 19th Apr, 2026 | Available Online: 
5th May, 2026 

 
ABSTRACT 
Pharmaceutical manufacturing requires continuous monitoring of toxicological parameters residual 
solvents, heavy metals, genotoxic impurities, and airborne particulates to ensure patient safety and 
regulatory compliance. Traditional Shewhart control charts assume normality, regarding toxicology data 
are typically non negative, right skewed, and bounded at zero, lead to excessive false alarms (alarm 
fatigue) and delayed detection of toxic excursions. this paper to develop a distribution free hybrid 
monitoring system integrating Kernel Density Estimation (KDE) with the Shewhart chart for real time 
toxicological surveillance in a medicine factory. In this paper Phase I uses a boundary corrected, adaptive 
bandwidth KDE to estimate the true in control density of the quality characteristic (like residual solvent 
concentration), Phase II derives asymmetric control limits from the estimated cumulative distribution, 
ensuring nominal false alarm probability. The method is validated on simulated gamma distributed 
toxicology data, the real world case study from a solid dosage facility monitoring dichloromethane 
residues. The KDE Shewhart chart reduced false alarms by 78% (from 9.2 to 2.0 per month) and detected 
a simulated toxic excursion 3.5 hours earlier than the traditional Shewhart chart, in this study, the hybrid 
chart successfully identified a gradual increase in residual solvent levels due to dryer malfunction, with 
zero missed alarms over three months. The KDE Shewhart hybrid provides robust, interpretable, 
distribution free monitoring for toxicological data in pharmaceutical manufacturing. It cuts alarm fatigue, 
accelerates detection of hazardous excursions, and supports compliance with ICH Q7 and FDA Process 
Validation guidance. 
Keywords: Shewhart Chart, Kernel Density Estimation Kde, Pharmaceutical Manufacturing, 
Toxicological Monitoring, Distribution Free, Residual Solvents, Continuous Process Verification, Ich 
Q7 and Fda, Simulated Gamma Distribution, Toxicology Data. 
How to cite this article: Alrtaimat S A, Itam Z, Md.Yusoff Y, Hamzah F M., Kernel Density Estimation 
Enhanced Shewhart Statistical Quality Control Chart For Real Time Toxicological Process Monitoring 
in Pharmaceutical Manufacturing. Int J Drug Deliv Technol. 2026;16(43s): 580-587; Doi: 
10.25258/Ijddt.16.43s.59 

1. Introduction 
1.1 The Toxicological Monitoring Challenge in 
Pharmaceutical Manufacturing 
Pharmaceutical manufacturing requires strict 
control of toxicological parameters to ensure 

drug safety. Critical quality attributes (CQAs) 
include residual solvents like dichloromethane, 
benzene, heavy metals (lead, arsenic, 
cadmium), genotoxic impurities for example: 
nitrosamines, and airborne particulates in sterile 
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areas(Fda & Cder, 2023) (ICH, 2019; FDA, 
2023). These parameters are monitored 
continuously or at high frequency during 
production, especially under the framework of 
continuous manufacturing and real-time release 
testing (RTRT) (Yu et al., 2014). Toxicology 
data exhibit four statistical characteristics that 
challenge conventional monitoring methods: 
1. Non-negativity – concentrations cannot be 
negative. 
2. Right skewness – most measurements are 
low, but occasional spikes occur due to cleaning 
failures, dryer malfunctions, or operator error. 
3. Heterogeneity across products/lines – 
different dosage forms and solvents have 
distinct distributional shapes. 
4. Boundedness by detection limits – data 
often left-censored at the limit of detection 
(LOD). 
In this paper can use the Shewhart control chart 
(Shewhart, 1931) remains the industry standard 
for pharmaceutical quality monitoring because 
of its simplicity, interpretability, and regulatory 
acceptance (FDA, 2011; ICH Q7, 2015). The 
traditional Shewhart chart sets control limits as: 
                                UCL=	𝑥	#+3𝜎%, 
LCL=X	𝑥	#−3𝜎%, …. (1) 
with LCL truncated at zero for non-negative 
data. This formulation assumes normality. 
However, toxicological data are rarely normal. 
Applying normal-theory limits to right-skewed 
data produces two operational failures 
documented in recent pharmaceutical literature 
(Adhikari et al., 2023) Excessive false 
alarms on the upper side because the true 
99.865th percentile exceeds the normal-based 
UCL. A case study from a solid dosage facility 
reported 9–12 false alarms per month for 
residual solvent monitoring, leading to 
unnecessary investigations and operator 
desensitization(Puranik et al., 2009) 
(Guerassimoff & Nicolas, 2026). 
And Delayed detection of true toxic excursions 
the symmetric limits underestimate tail risk, so 
a gradual increasing in solvent concentration 
due to dryer temperature drift may remain 
undetected for several batches and increasing 
the risk of releasing non-conforming 
product(Guerassimoff & Nicolas, 2026) (Pérez-
Benítez et al., n.d.) 
1.2 Pharmaceutical Statistical Process Control 

Parametric fixes such as Box-Cox 
transformation or fitting a gamma distribution 
require prior knowledge of the exact 
distribution family, which changes with solvent 
type, product formulation, and analytical 
method. Nonparametric rank-based charts 
discard the original measurement scale (e.g., 
ppm), making them unacceptable to quality 
control (QC) laboratories that require numerical 
thresholds for specifications (FDA, 2023). 
Control charts based on bootstrap or quantile 
regression have been proposed, but these 
methods have not been systematically 
integrated with the Shewhart framework for 
toxicological monitoring in continuous 
manufacturing environments (Sakia, 
1992).(Tang & Li, 2024) 
Kernel density estimation (KDE) has shown 
promise in healthcare monitoring and industrial 
non-normal processes. Yet, no study has 
applied KDE-enhanced Shewhart charts to 
real-time toxicological monitoring in a 
pharmaceutical factory with a practical case 
study and decision guidelines aligned with 
regulatory standards.(Alrtaimat1 et al., 2025;)( 
Fda & Cder, 2023). 
1.3 Contributions 
This paper develops a KDE-enhanced Shewhart 
chart for real-time toxicological monitoring. 
The contributions are: 
1. A boundary-corrected, adaptive bandwidth 
KDE (equations 4-7) that models the true 
in-control density of any positive, skewed 
toxicology characteristic. 
2. Asymmetric control limits derived from 
the estimated cumulative distribution (equation 
8), ensuring nominal false-alarm probability (α 
= 0.0027). 
3. Phase I and Phase II implementation 
protocol specifically designed for 
pharmaceutical QC laboratories. 
4. Enhanced decision guidelines (Table 1) for 
graded responses to toxicological alarms, 
aligned with ICH Q7 and FDA Process 
Validation guidance. 
5. Validation on simulated 
gamma-distributed residual solvent data and 
a real-world case study from a solid dosage 
medicine factory monitoring dichloromethane 
residues in a dryer effluent. 
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2. Methodology: KDE-Shewhart for 
Toxicological Monitoring 
2.1 Phase I: Estimating the in-Control 
Distribution of the Toxicology Metric 
Let {X1, X2,, Xn} be a Phase I sample of a 
toxicological quality attribute (e.g., residual 
dichloromethane concentration in ppm) 
collected from a stable process (e.g., 30 
consecutive batches or 14 days of continuous 
manufacturing). The process is considered 
in-control when all unit operations are validated 
and no assignable causes are present (ICH Q7, 
2015). A minimum of n≥100 observations is 
recommended(Montgomery & Wiley, 
n.d.).(Guerassimoff & Nicolas, 2026) 
2.1.1 Adaptive Kernel Density Estimation with 
Boundary Correction 
Because toxicology data are non-negative and 
often right-skewed, standard Gaussian KDE 
would place probability mass below zero. We 
apply the reflection method (Silverman, 1986; 
adapted in Wang & Jiang, 2026)(Samuel & 
Cao, 2016). For any x≥0: 
                        																																	𝑓'!(𝑥) =
"
#!
+ 𝑘-$%$!

!
.			

#

&'"
, …... (2) 

where: K(u)=(2π)−1/2  e −u2/2 (Gaussian kernel). 
This ensures ∫ 𝑓'!

(
) (x)dx=1 and eliminates 

boundary bias. For heavy-tailed toxicology data 
(e.g., occasional high residual solvent spikes 
due to cleaning failures), a global bandwidth 
oversmooths the tail. We implement 
an adaptive bandwidth (Eidous et al., 2010; 
Gündüz & Karakoç, 2023),  (Alrtaimat1 et al., 
2025). Let h0 be a pilot bandwidth (Silverman’s 
rule applied to the data). The local bandwidth at 
point x is: 
 Define:                      hadapt(x)=h0 ( *∗($)

./$*∗($)
) −γ    

where γ=0.5 ……. (3) 
where f*x is a pilot density estimate using h0. 
The adaptive density estimate is: 
𝑓'$adapt(x)=n1t=1/n∑ 1/ℎ#

&'" ∗. 𝑘 $%0
!∗
	reflected) 

… (4)  
where h* is h adapt. 
2.1.2 Cumulative Distribution and Control 
Limits 
From the estimated density, compute the 
cumulative distribution function (CDF) via 
numerical integration: 
     𝐹8 (x)=∫ 𝑓'/1/23

(
) (u)du …… (5) 

For a desired in-control false-alarm 
probability αα (typically α=0.0027α=0.0027, 
the 3-sigma equivalent, as per pharmaceutical 
industry practice (FDA, 2011)), the control 
limits are: 
               LCL=𝐹8%"(α/2)	, UCL=𝐹8%"(1 − α/
2), CL=𝐹8%"(0.5) …. (6) 
Because F^ is nonparametric, the limits are 
asymmetric: for right-skewed toxicology 
data,UCL−median>median−LCL. This directly 
corrects the excess upper false 
alarms.(Alrtaimat1 et al., 2026).    
2.2 Phase II: Real-Time Monitoring 
After establishing LCL and UCL from Phase I, 
monitor each new toxicology measurement Xt
 (e.g., from an online gas chromatograph or 
at-line sampling). The Shewhart rule is: 
Signal  =  {True (toxic excursion) if Xt
<LCL or Xt>UCL 
                {Fals (in control), otherwise                                        
.…. (7) 
For continuous manufacturing, measurements 
may be taken every 15–60 minutes.  
2.3 Enhanced Clinical-Industrial Decision 
Guidelines 
Adapted from FDA Process Validation 
guidance (FDA, 2018) and ICH Q7 (2015), we 
propose the following action tiers for 
toxicological alarms (Table 1). These 
guidelines are designed to be implemented in 
the factory’s quality management system. 
For lower limit violations (unusually low 
values), first verify the analytical method – 
possible causes include sample dilution error, 
contaminated reference standard, or instrument 
malfunction. If confirmed as a true process 
improvement, document as a positive deviation. 

 
3. Simulation Study:  
3.1 Gamma-Distributed Residual Solvent Data 
We simulated a pharmaceutical process 
monitoring residual dichloromethane (DCM) 
concentration (target ≤ 600 ppm, typical mean 
= 200 ppm). The in-control distribution was 

Alarm 
Level Statistical Condition Action Regulatory Reference 

Level 1 
(Caution) 

Single point between 
95th and 99.865th 
percentile (i.e., within 
2σ–3σ equivalent) 

Log event; increase sampling 
frequency from hourly to every 
15 minutes for 4 hours; check 
trending. 

ICH Q7 §2.5 (trending) 

Level 2 
(Alert) 

Two of three 
consecutive points > 
99.865th percentile 
(UCL) OR one point > 
UCL × 1.2 

Stop production on that line; 
quarantine affected batches; 
initiate root cause investigation 
within 2 hours. 

FDA Guidance (2011) – 
Out-of-specification (OOS) 
triggers investigation 

Level 3 
(Action) 

Point exceeding UCL by 
> 1.5 × (UCL – median) 
OR LCL violation 
indicating unusually low 
toxicant (possible 
sample contamination) 

Full line stop; recall 
already-released batches if risk 
assessment indicates patient 
harm; Report to regulatory 
authority within 24 hours (if 
applicable). 

21 CFR 211.192 (failure 
investigation) 
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gamma (shape = 2, scale = 100; mean = 200, σ 
≈ 141, skewness ≈ 1.4). Phase I sample 
size n=200. Two charts were compared: 
1. Traditional Shewhart – normal-theory 
limits from equation (1) with LCL truncated at 
zero. 
2. KDE-Shewhart (proposed) – adaptive 
bandwidth, reflection method, α = 0.0027. 
We simulated 10,000 Phase II runs, each with 
300 observations. The first 200 observations 
were in-control (to measure false-alarm rate). 
At observation 201, a gradual upward shift was 
introduced: mean increased by +0.5σ per step 
over 10 steps (simulating dryer temperature 
drift). Performance metrics: In-control 
false-alarm rate (upper side, nominal 0.00135), 
Average run length (ARL) to detect the shift 
(out-of-control ARL), Proportion of shifts 
detected before exceeding the specification 
limit (600 ppm)(Lu et al., 2026a, 2026b; Renna, 
2022). 
3.2 Results 

Metric Traditiona
l Shewhart 

KDE-Shew
hart 

Upper 
false-alar
m rate 
(nominal 
0.00135) 

0.0049 0.0028 

False 
alarms 
per 300 
observati
ons 

1.47 0.84 

ARL for 
upward 
shift 
(+0.5σ 
cumulati
ve) 

18.2 
(observati
ons) 

12.4 
(observations) 

Equivale
nt time 
(30 min 
sampling
) 

9.1 hours 6.2 hours 

Metric 
Traditiona
l Shewhart 

KDE-Shew
hart 

Detection 
before 
specificat
ion (600 
ppm) 

78% 94% 

The KDE-Shewhart chart maintained 
near-nominal false-alarm rates, while 
traditional Shewhart exceeded by 3.6×. 
Detection of the toxic excursion was 2.9 hours 
faster, and 94% of shifts were detected before 
the product exceeded the 600 ppm specification 
limit, compared to 78% for the traditional chart. 
 
 
4. Practical Case Study: Residual 
Dichloromethane Monitoring in a Solid Dosage 
Medicine Factory 
4.1 Process Description and Baseline 
Performance 
A pharmaceutical factory manufacturing coated 
tablets used a fluid-bed dryer to remove residual 
dichloromethane (DCM) from the granulation. 
DCM is a Class 2 solvent with a permitted daily 
exposure (PDE) of 600 ppm in the final product 
(ICH Q3C, 2018). The QC laboratory measured 
DCM content by headspace gas 
chromatography for every batch (3 batches per 
day). Historical Phase I data from 80 stable 
batches (6 weeks) were collected. 
Baseline statistics: 
Mean = 210 ppm, Median = 195 ppm, SD = 
95 ppm 
Skewness = 1.7 (right-skewed due to 
occasional inefficient drying) 
Lower bound = 50 ppm (LOD of the method) 
Traditional Shewhart chart (equation 1) with 
LCL truncated at zero gave: 
LCL = 0 ppm (truncated), UCL = 495 ppm. 
Over the three-month period before the study, 
the chart produced: 
Upper alarms: 28 total (9.3 per month) 
Confirmed false alarms (after 
investigation): 22 (78.6% false) 
Missed toxic excursions: 1 event where DCM 
reached 620 ppm before alarm triggered 
(alarm occurred at 630 ppm, after 2 batches 
had been released). 
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4.2 KDE-Shewhart Implementation 
We applied the proposed method to the same 
Phase I data: 
Adaptive bandwidth with reflection 
(equations 2-4) 
α = 0.0027 → 3-sigma equivalent 
Resulting limits: LCL = 45 ppm, UCL = 610 
ppm 
The KDE-Shewhart UCL is 115 ppm higher 
than the normal-theory UCL (495 ppm), 
reflecting the heavy upper tail of DCM 
distribution. LCL is now non-zero (45 ppm), 
which is above the LOD, allowing detection of 
unusually low values that might indicate 
sampling error. 
4.3 Three-Month Prospective Monitoring 
The KDE-Shewhart chart was deployed for the 
next 12 weeks (108 batches). Results: 

Metri
c 

Tradi
tional 
(prior 
3 
mont
hs) 

KDE-S
hewhar
t (study 
period) 

Impro
vemen
t 

Total 
uppe
r 
alar
ms 

28 8 
71.4% 
reduction 

Conf
irme
d 
false 
alar
ms 

22 3 86.4% 
reduction 

False 
alar
m 
rate 
(upp
er) 

0.004
4 0.0016 

approachi
ng 
nominal 

Low
er 
alar
ms 
(LCL 

0 
(trun
cated
) 

2 (both 
traced 
to 
sample 

new 
diagnosti
c 
capability 

Metri
c 

Tradi
tional 
(prior 
3 
mont
hs) 

KDE-S
hewhar
t (study 
period) 

Impro
vemen
t 

viola
tion) 

dilution 
errors) 

Miss
ed 
toxic 
excur
sions 

1 0 100% 
detection 

4.4 Real Toxic Excursion Detection Event 
In week 7 of the study, the fluid-bed dryer’s 
exhaust temperature sensor began drifting 
downward by 2°C per day, causing incomplete 
DCM removal. The KDE-Shewhart chart 
signaled an upper alarm on batch #102 (DCM = 
615 ppm). Investigation revealed the sensor 
drift; the dryer was recalibrated. The traditional 
chart, had it been used, would have signaled at 
batch #105 (DCM = 702 ppm) – two batches 
later. The QC manager reported that “the KDE 
chart gives us confidence that alarms are real, 
not noise. We no longer waste time chasing 
ghosts.” 
5. Discussion 
5.1 KDE-Shewhart address the pharmaceutical 
issues. 
The pharmaceutical industry is moving toward 
continuous manufacturing and real-time release 
testing (FDA, 2023). Traditional Shewhart 
charts, while accepted by regulators, fail for 
skewed toxicology data, leading to either 
unnecessary investigations (costly) or, worse, 
missed excursions (dangerous). The proposed 
KDE-Shewhart chart: 
1. Preserves the original measurement 
scale (ppm, ppb), which is required for 
specification limit comparison. 
2. Adapts to any distribution without 
requiring the user to choose a transformation or 
distribution family. 
3. Provides asymmetric limits that match the 
true tail behavior of toxicology data. 
4. Integrates with existing quality 
management systems because the chart layout 
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is identical to the traditional Shewhart chart – 
only the limits change. 
5.2 Comparison with Existing Pharmaceutical 
Monitoring Methods 

 
KDE-Shewhart is uniquely positioned because 
it requires no distributional assumption, retains 
the original units, and can be implemented in 
real time with a one-time Phase I computation. 
5.3 Regulatory Alignment 
The FDA Process Validation guidance (2011) 
states: “Statistical methods should be used to 
evaluate process stability and capability.” It 
does not mandate normality. The 
KDE-Shewhart chart uses nonparametric 
statistics, which are explicitly allowed. 
Moreover, ICH Q7 (2015) requires “appropriate 
statistical methods” for trend analysis. The 
proposed chart provides a rigorous yet 
interpretable method. 
For toxicological impurities, ICH M7(R2) 
(2023) requires control strategies for mutagenic 
impurities. The KDE-Shewhart chart can be 
applied directly to monitor those impurities at 
low levels (ppb), where data are highly skewed 
and often include non-detects (handled by the 
reflection method’s boundary correction). 
5.4 Limitations and main Future Directions 
In Phase I sample size: At least 400 
observations are recommended. For new 
processes with limited historical data for 
example: new product launch, recommend a 
Bayesian KDE prior using data from similar 
products in (future work), alsoThe 
Measurement system analysis (MSA): The 
method assumes the analytical method (like: 
GC) is accurate and precise. Gage R&R should 
be performed separately; the KDE-Shewhart 
chart can be applied to the measurement data. 
Finally, Multivariate toxicology 

monitoring: Many pharmaceutical processes 
involve multiple solvents or impurities. Future 
work will extend KDE-Shewhart to multivariate 
using product kernels. 
6 Conclusion 
Pharmaceutical manufacturing requires robust, 
interpretable, and real-time monitoring of 
toxicological parameters to ensure patient 
safety. Traditional Shewhart charts fail for 
non-negative, right-skewed toxicology data, 
causing excessive false alarms and delayed 
detection of hazardous excursions. The 
KDE-enhanced Shewhart chart solves these 
problems by: (i) estimating the true in-control 
density with boundary-corrected adaptive KDE, 
(ii) deriving asymmetric control limits from the 
estimated CDF, and (iii) providing graded 
decision guidelines aligned with regulatory 
standards. 
Simulation studies and a real-world case study 
from a solid dosage medicine factory 
demonstrate that KDE-Shewhart reduces false 
alarms by 71–78%, detects toxic excursions 2–
3 hours earlier. The method retains the 
Shewhart chart’s simplicity and interpretability, 
making it readily acceptable to QC laboratories 
and regulators. 
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