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The Bristol Stool Form Scale (BSFS), or the Bristol Stool Chart (BSC), is a 

diagnostic tool used in the identification and classification of human faeces. This 

particular scale was developed at the Bristol Royal Infirmary in 19971, and today, it is 

the most popular and effective evaluation technique for clinically assessing various 

bowel conditions. The chart is broken up into seven categories, each of which 

designates a distinct stool type. For example, "Type 1" is associated with severe 

constipation while "Type 7" is associated with severe diarrhoea. Over the past 20 

years, the BSFS has become the standard-of-care clinical tool around the world 

among physicians interested in gathering health data from human excreta. The class 

descriptions are as follows: 

Supplementary Table 1. The Bristol Stool Form Scale. 

 Description  

Type 1 “Separate hard lumps, like nuts (hard to pass)”  

Type 2 “Sausage-shaped but lumpy”  

Type 3 “Like a sausage but with cracks on the surface” 

 

Type 4 “Like a sausage or snake, smooth and soft”  

Type 5 “Soft blobs with clear cut edges (passed easily)” 
 

Type 6 “Fluffy pieces with ragged edges, a mushy stool” 
 

Type 7 “Watery, no solid pieces, entirely liquid” 
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Clinical Applications of BSFS 

Functional bowel disorders are recognized as a disease entity that plays a 

significant clinical and social impact, often affecting patient’s quality of life2. Irritable 

bowel syndrome (IBS), the most common functional gastrointestinal (GI) disorder with 

worldwide prevalence rates of 10 to 15%3, is one of the best examples showing that 

toilet system can have profound practical application. Functional disorders such as 

IBS are conditions in which there is a lack of structural or biochemical abnormalities 

on routine tests, implying no specific causality. BSFS has been used to describe the 

stool form and consistency in functional bowel disorders such as IBS, chronic 

diarrhoea, and chronic constipation. BSFS is included in the Rome diagnostic criteria 

for IBS and as an objective tool in clinical trials4. IBS patients are classified based on 

the frequency of loose/watery or hard/lumpy stools. Stool consistency reporting is 

important because IBS drugs are intended to treat either diarrhoea or constipation. 

BSFS should be used to direct treatment based on the predominant gastrointestinal 

symptoms4.  

 Episodic nature of symptoms in IBS has been reported, and assessment may 

be difficult because of the fluctuation of periodic symptoms5. A notable study showed 

that 78% of IBS patients of all subtypes fluctuate between the extremes of 

loose/watery stools and hard/lumpy stools6. The study also reported that daily 

symptom monitoring is more sensitive and reliable than merely a questionnaire. 

Questionnaires overestimated the frequency of abnormal stool consistency and 

gastrointestinal symptoms as compared to stool diaries including BSFS.  

 The image analysis of BSFS in the toilet will add a more accurate assessment 

of daily stool forms and provide a better means of continuous longitudinal monitoring 

of bowel movements. It has been shown that there are major disparities between 

patients’ stool descriptions and basic, objective features of constipation/diarrhea7. 
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Moreover, there were variances between parent recall and child stool diaries8, further 

showing the inherent inaccuracies that emerge from questionnaires. Our system will 

eliminate human recollection bias, provide automated stool form data collection and 

endeavour to provide a more precise assessment of bowel movements and serve as 

a treatment-monitoring tool.  

Previous studies noted the rater agreement and reliability of the BSFS (Type 1 

- 7) among 34 gastroenterologists from three different institutions. However, the 

agreement decreased when the stool form was categorized into 3 types (constipation, 

normal, or diarrhoea) by the Rome criteria. It was hard to distinguish type 2 from type 

3 (boundary between normal stool and constipation), and type 5 from type 6 stools 

(boundary between normal stool and diarrhoea)9,10. The image analysis of BSFS in 

the toilet may provide better pattern recognition around the clinical decision points 

differentiating BSFS Types 2, 3, 5, and 6.  

BSFS also plays a significant role in oncologic outcome assessment. The scale 

has the ability to assess the functional aspect of patients after surgery, chemotherapy, 

and radiation therapy. Stool form and frequency have been known to change after 

gastrointestinal tract resections11-14. Furthermore, chemotherapy-induced diarrhoea or 

constipation can be caused by numerous agents15,16 and radiation therapy around the 

pelvic area can cause visible symptoms and lead to significant bowel damage17. A gap 

between physician and patient reported outcome was noted. Similarly, opioid-induced 

constipation is also a frequent clinical problem faced by clinicians18-21. Real time 

assessment of stool form and frequency, as well as bowel related symptoms, will help 

provide useful information regarding chemotherapy, opioid drugs, and radiation dose 

modification.  

Minimally invasive surgery has been gaining a larger role in oncologic surgery. 

Laparoscopic and robotic surgery provide non-inferior oncologic outcomes and better 
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short-term outcomes. Minimally invasive surgery has better cosmesis, less 

postoperative pain, less ileus (paralysis of normal intestinal peristalsis), and shorter 

hospital stay. However, many randomized control trials do not mention the functional 

advantages of minimally invasive surgery related to urination and defecation. 

Unfortunately most of these related symptoms will occur outside of the hospital, 

making it difficult to assess the general view of the patient’s activity. Only few trials 

have provided a cross sectional and fragmented view of patients’ symptoms at specific 

points in time. Questionnaires are provided in time intervals, and the longitudinal 

monitoring strategy may provide more insight in the long-term functional outcome of 

minimally invasive surgery. 

In summary, the Rome IV criteria22 integrate the BSFS into guidelines used by 

clinicians around the world. The Rome IV criteria for IBS are based on the recollection 

of symptoms in the past 3 months prior to diagnosis, and require symptom onset at 

least 6 months prior to diagnosis. Thus, additional information regarding the frequency 

and quality of bowel movements would greatly aid the diagnosis and characterization 

of a patient’s IBS. For example, IBS with constipation presents with hard or lumpy 

stools in ≥25% of bowel movements, and loose or watery stools <25% of bowel 

movements. However, bias may be present in a patient’s recollection of their bowel 

movements, and diligently and objectively classifying stool after each and all bowel 

movements is unduly burdensome and unrealistic, especially for elderly and infirm 

patients. In addition, the BSFS is clinically used to evaluate the response to anti-

diarrheal medications such as loperamide or senna1 and other medications and 

therapies (e.g., cholestyramine)23. In addition, the BSFS may help guide the 

management of diarrhoea during chemotherapy. Chemotherapy-induced 

gastrointestinal toxicity is relatively common and early detection of toxicity is one of 
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the key factors in cancer patient management in minimizing morbidity by adjusting 

dosing regimen. Our toilet system has the ability to perform image analysis of stool 

forms and endeavours to provide a more precise assessment of bowel movements 

and serve as a treatment-monitoring tool.  
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Supplementary Table 2. Current and potential disease/state screening that may benefit 
from the toilet system. The upper part of the table indicates capable disease/state 
screening with the current version of the toilet. The lower part of the table requires more 
advanced technology and higher-level system integration. NAAT: Nucleic Acid 
Amplification Test, BSFS: Bristol Stool Form Scale, AMP: Amphetamine, BAR: 
Barbiturate, BUP: Buprenorphine, BZO: Benzodiazepines, COC: Cocaine, mAMP: 
Methamphetamine, MDMA: Methylenedioxymethamphetamine, MTD: Methadone, OPI: 
Opiate, OXY: Oxycodon, PCP: Phencyclidine, PPX: Propoxyphene, TCA: Tricyclic 
antidepressants, THC: Tetrahydrocannabinol. 
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Supplementary Schematics. a. Flowchart view of the toilet system. This system is 
designed to minimally interfere with human intervention. b. Flowchart view of the cloud 
system.   
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Continuous Monitoring of Human Urination 

We tested whether more frequent urinalysis would benefit human health 

monitoring. We performed continuous monitoring of urination from two research 

participants with a commercially available 10-parameter urinalysis test strip (Accustrip 

URS-10 Urine Reagent Strips, Jant Pharmacal Corp., Encino, CA). Two research 

participants were instructed to use test strips whenever they needed to void. Instead of 

the dipping method of urinalysis strips, the participants were instructed to urinate directly 

onto the test strips. There were insignificant differences between the dipping method and 

direct urination method in our pilot experiments. 133 and 42 measurements (research 

participant #1 [male, 39-year old] and #2 [female, 39-year old], respectively), were made 

over the course of one month. One research participant (research participant #2) 

experienced a urinary tract infection (UTI) with subsequent antibiotic treatment 

(nitrofurantoin), as reflected in Supplementary Figure 1. A subset of urinalysis 

components (leukocytes and erythrocyte activities) responded to the antibiotic treatment, 

while the healthy untreated participant showed no change in those components. In 

addition, another subset of urinalysis components (specific gravity and pH) appears to be 

very participant-specific.  
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Supplementary Figure 1. Continous monitoring – Urinalysis. Continuous monitoring  of 
participants’ urination with a commercially available 10-biomarker dipstick. a. Two 
participants were participating this experiment. 133 and 42 measurements were made 
over the course of one month. b. A typical read-out of urinalysis. These measurements 
are analyzed with a strip reader. This printed slip is from a time point denoted by the 
asterisk in a. c. Specific gravity comparison bewteen the two participants. Their difference 
was statistically significant (two sample t test, p-value = 5.63×10-6). d. Specific gravity 
comparison by month between the same participant (#1). There was a statistically 
insignificant difference (two sample t test, p-value = 0.02 with a threshold, 0.01). e. pH 
comparision bewteen the two participants. Their difference was statistically significant 
(two sample t test, p-value = 9.54×10-13). f. pH comparison by month between the same 
participant (#1). There was a statistically insignificant difference (two sample t test, p-
value = 0.24).  
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Urinalysis Module  

The urinalysis module consists of a retractable urinalysis subunit (Supplementary 

Figure 2) and a real-time colorimetric detector subunit (Supplementary Figure 3). The 

two subunits shown below will ultimately be integrated into the toilet system.  

 

Supplementary Figure 2. Retractable urinalysis subunit. The retractable urinalysis 
subunit consists of a PIR motion sensor, an automatic strip feeder, a retractrable 
conveyor belt, and a strip-discarding servo motor.  

 

For the retractable urinalysis subunit, an automatic strip feeder places a stack of 

urinalysis strips at an angle so that each strip can slide down to the custom-built 

retractable conveyor belt. The rubber conveyor belt is controlled by a servo motor (S03N-

STD, GSW Tech Co., Taipei, Taiwan) which grabs the strip and rotates in both the 

clockwise and counter-clockwise directions in order to extend and retract the strip. When 

the PIR motion sensor (HC-SR501, Adafruit, New York, NY) in the front-most position of 
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the subunit detects a urine stream, the urine strip extends out so that a user can urinate 

onto the strip. Once the urination event is done, the conveyor belt retracts the strip for the 

colorimetric recording (Supplementary Figure 3). After the colorimetric recording is 

completed, the conveyor belt extends the strip out and the strip-discarding servo motor 

(MS-R.1.3.9, Olimex Ltd., Plovdiv, Bulgaria) pushes it into the toilet bowl. 

 

Supplementary Figure 3. A real-time graphic user interface (GUI) that plots RGB 
kinematics for monitoring the color change of the urinalysis strip. 

 
A separate subunit was developed for real-time colorimetric recording. The subunit 

consists of a dark box (¼” acrylic sheet) with a camera (Raspberry Pi Camera Module v2, 

Raspberry Pi Foundation, Cambridge, UK) on the top and a strip entrance at the bottom 

(Supplementary Figure 3). The module detects 10 different regions-of-interest (ROIs) 

corresponding to 10 different chemical pads in real-time as the urinalysis strip appears in 

the camera field-of-view (FOV). The graphic user interface (GUI) allows the user to select 

each ROI as it plots a dynamic RGB chart for monitoring the color change of the selected 
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urine test component (Supplementary Figure 3). Regardless of the chosen ROI, the 

RGB values of all ROIs are recorded in a separate text file.  
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Dual-camera-based High-frame-rate Uroflowmetry (Computer Vision Uroflowmetry) 
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Supplementary Figure 4. Dual-camera-based high-frame-rate uroflowmetry. a. 
Prototype of the camera-based uroflowmetry installed on the standard uroflowmetry. Two 
GoPro cameras are positioned at the right angle facing away from the user in order to 
capture and analyze the physical properties of the urine stream. b. Image preprocessing 
step of a urination frame from a participant: (b.1) raw capture of a urine stream falling into 
the wide angle camera FOV, (b.2) undistortion of the wide angle FOV frame, (b.3) black 
and white conversion and smoothing, (b.4) a background subtracted frame only extracting 
the urine stream. c. Synchronization of left and right camera frames. d. Depth estimation 
(shown in the schematic) (d.1) Limitation of a single-camera because of the lack of depth 
information, (d.2) Depth-estimation from two synchronized frames using the geometric 
calculation. e. Flow rate-estimation and correction (shown in the schematic) (e.1) 
Erroneous measurement of the urine volume from varying flow rates, (e.2) Flow rate-
estimation using two ROIs within the camera frame, (e.3) Flow rate-correction is 
performed by dividing the total sum of the depth-corrected pixel values by the frame shift. 

 

Setup 

We have developed a camera-based uroflowmetry module consisting of two high-

frame-rate video-recording cameras (GoPro Hero7, GoPro Inc., San Mateo, CA). Multiple 

iterations of prototypes were developed to correct for several parameters which will be 

described below. As the camera-based uroflowmetry analyzes the urine stream captured 

into a series of frames, (1) the depth (the distance of the stream from the camera) and (2) 

the flow rate of the urine stream could provide erroneous results. For these reasons, two 

GoPro Hero7 cameras (240 fps [frames-per-second]), 960 × 1280 resolution, wide angle 

FOV) were positioned at the right angle (Supplementary Figure 4a). Detailed analysis 

steps are described below. 

Analysis  

All of the image analysis was performed using Python 3.7 on MPEG-4 Part 14 

(MP4) video files. 
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1. Image preprocess  

From each left and right camera, the video file (MP4) was imported as a series of 

frames. For only extracting the urine stream component, each frame was preprocessed 

by (a) undistortion of the fisheye effect, (b) black-and-white conversion, (c) smoothing, 

and (d) background removal (Supplementary Figure 4b). The GoPro at its maximum 

frame rate (e.g., 240 Hz) only allows the wide angle FOV instead of the standard linear 

FOV. The wide angle FOV captures the frame with a fisheye effect which shows radial 

and tangential distortions. The calibration matrix determining the distortion parameters 

was acquired using a chess board calibration grid, then implemented as an undistortion 

matrix for removing the fisheye effect from each frame (Supplementary Figure 4b). After 

the undistortion, each RGB color frame was converted to black-and-white frames and 

smoothed using the Gaussian blur function (gaussian kernel size: 31) (Supplementary 

Figure 4b). Then, series of frames were fed into background removal function for only 

extracting the urine streams (Supplementary Figure 4b). 

2. Synchronization 

The recordings of the two cameras initiated manually; therefore, the frames from 

the left and right cameras were not precisely synchronized. As a result, the 

synchronization process was performed to correctly align the left and right frames. While 

iterating through the initial frames, the frame that consisted of the first urine drop motion 

was detected using a threshold from both left and right frames. Once the first frames from 

each camera were detected, all earlier frames were removed and the two cameras were 

successfully synchronized (Supplementary Figure 4c). 
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3. Depth-estimation/correction 

A single camera cannot capture the urine stream volume accurately as it lacks the 

depth (distance from the camera) information (Supplementary Figure 4d). Varying depth 

of the urine stream could result in erroneous measurement of an accurate volume. As 

such, the depth-corrected urine volume was estimated through geometric calculation 

using two cameras positioned at a right angle (Supplementary Figure 4a). From the 

synchronized frames, the centers-of-mass of the urine pixels are calculated for each left 

and right frame. Since the exact positions of the camera and their relative focal points are 

known, the depth of the urine stream was estimated through trigonometric equations 

(Supplementary Figure 4d). Once the depth was estimated, the depth-corrected pixel 

value was derived via the equation below. 

݈݁ݔ݅݌	݀݁ݐܿ݁ݎݎ݋ܿ	݄ݐ݌݁ܦ ൌ 	݄ݐ݌݁ܦ ൈ	ට݈ܲ݅݁ݔ௅௘௙௧
ଶ ൅ ோ௜௚௛௧݈݁ݔ݅ܲ

ଶ  

4. Flow rate-estimation/correction 

In addition to the depth effect, varying flow rates of the urine stream can lead to 

miscalculation of the urine volume (Supplementary Figure 4e). With a fixed camera 

frame rate, more frames of the urine stream will be captured when the urine flow rate is 

slower as compared to the urine stream with a higher flow rate. To estimate the flow rate 

of the urine stream, two regions-of-interest (ROIs) were selected in each frame; the top 

ROI and the bottom ROI (Supplementary Figure 4e), where each vertically covered 10% 

of the frame pixels. The pixel values in those two ROIs were recorded and fed into cross-

correlation function for measuring the similarity of two series by outputting the 

displacement of one relative to the other (Supplementary Figure 4e and 4e). Thus, the 

cross-correlation outputs the number of frames counted for the urine stream to fall from 
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the top ROI to the bottom ROI. This frame shift (∆f) indicating the number of frames, for 

which a certain urine drop repeatedly counted, then inversely corresponds to the flow rate 

of the urine stream. Therefore, to correct for the estimated flow rate, the total sum of the 

depth-corrected pixel values was divided by the average frame shift between left and right 

cameras as shown in the equation below (Supplementary Figure 4e). 

݁݉ݑ݈݋ܸ ∝
	݈݁ݔ݅݌	݀݁ݐܿ݁ݎݎ݋ܿ	݄ݐ݌݁ܦ∑
ሺ∆ ௅݂௘௙௧ ൅ ∆ ோ݂௜௚௛௧ሻ 2⁄

 

In order to capture multiple frames of the falling stream, the camera was running at its 

maximum frame rate of 240 fps.  
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Accuracy of Multiclass Classification  

Briefly, assuming a classification problem with ܵ, samples ܵ ൌ ሼݏ௜: 1 ൑ ݅ ൑ ܵሽ and 

N classes	ሼ1,… ,ܰሽ, two functions called true class tcሺݏሻ its predicted class pcሺݏሻ (or True 

Class II in our study) that map ܵ → ሼ1,… ,ܰሽ can be defined. Thus, the corresponding 

confusion matrix becomes a square matrix  ܥ ∈ ࣧሼሺܰ ൈ ܰ,Գሻ, in which ij-th entry ܥ௜௝ is 

the number of elements of true class i that have been assigned to class j by the classifier:  

௜௝ܥ ൌ |ሼݏ ∈ ܵ: tcሺݏሻ ൌ ݅	&	pcሺݏሻ ൌ ݆ሽ| 

The accuracy of a given confusion matrix is defined as the ratio of the correctly classified 

samples overall.  

Accuracy ൌ	
∑ ௞௞ܥ
ே
௞ୀଵ

ܵ
ൌ
∑ ௞௞ܥ
ே
௞ୀଵ

∑ ௜௝ேܥ
௜,௝ୀଵ

 

In our study, we can have two physicians’ classifications serve as true classes. Thus, we 

define this value, “accuracy” as “match rate”. The two physicians’ classification match rate 

is 74.89% and the kappa value of these two classification according to Landis et al24. is 

0.655 as shown in Supplementary Table 3. If this task was reduced to only a 3 class 

classification (comprised of “constipated”, “normal” and “diarrhoea”), the “match rate” 

would increase to 0.90.  
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Supplementary Table 3. The confusion matrix between two physicians' classification. 

  Physician B Classification   
P

h
ys

ic
ia

n
 A

 C
la

ss
if

ic
at

io
n

  I II III IV V VI VII  Accuracy 

I 11 0 0 0 0 0 0 11 100% 

II 9 40 0 0 0 0 0 49 81.63% 

III 1 114 205 21 5 0 0 346 59.25% 

IV 1 27 186 836 52 0 0 1102 75.86% 

V 1 1 4 74 383 19 0 482 79.46% 

VI 0 3 1 6 57 271 4 342 79.24% 

VII 0 0 0 0 0 7 23 30 76.67% 

 23 185 396 937 497 297 27 2362  

Accuracy 47.83% 21.62% 51.77% 89.22% 77.06% 91.25% 85.19%   

 

Matthews Correlation Coefficient (MCC).  

The MCC was introduced by biochemist Brian W. Matthews in 197525 and has 

served as a measure of the quality of binary classifications. Its expansion to multiclass 

classification was introduced in reference26. The following main concept of MCC was 

introduced in the previous literature27. In sum, let ܺ,ܻ ∈ ࣧሺܵ ൈ ܰ,ॲଶሻ	be two matrices 

where ܺୱ୬ ൌ 1 if the sample ݏ is predicted to belong to class ݊ሺpcሺݏሻ ൌ ݊ሻ and ܺୱ୬ ൌ 0 

elsewhere. The same goes to ୱܻ୬. With Kronecker’s delta function, these can be defined 

as the following equation.  

ܺ ൌ ሺδ୮ୡሺ௦ሻ,௡ሻ௦௡									ܻ ൌ ሺδ୲ୡሺ௦ሻ,௡ሻ௦௡ 

The covariance function, a measure of how much two variables change together, 

between the two can be defined as the following: 

covሺܺ,ܻሻ ൌ
1
ܰ
෍෍ሺܺ௦௞ െ തܺ௞ሻሺ ௦ܻ௞ െ തܻ௞ሻ

ே

௞ୀଵ

ௌ

௦ୀଵ

 

The MCC is defined in the following equation: 
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MCC ൌ
covሺܺ,ܻሻ

ඥcovሺܺ,ܺሻcovሺܻ,ܻሻ
 

ൌ
∑ ௠௟ܥ௞௞ܥ െ ௞௠ܥ௟௞ܥ
ே
௞,௟,௠ୀଵ

ට∑ ൣሺ∑ ௟௞ேܥ
௟ୀଵ ሻሺ∑ ௚௙ேܥ

௙,௚ୀଵ,௙ஷ௚ ൧ே
௞ୀଵ ට∑ ൣሺ∑ ௞௟ேܥ

௟ୀଵ ሻሺ∑ ௙௚ேܥ
௙,௚ୀଵ,௙ஷ௚ ൧ே

௞ୀଵ

 

The MCC ranges from -1 to 1, where -1 indicates completely disordered classification and 

1 indicates perfect classification. The MCC between the two physicians is determined to 

be 0.70. 

Confusion Entropy (CEN). 

According to previously published literature26-28, the entropy of the classification, 

ሻݔሺܫ is defined to be the expected value of the self-information ܪ ൌ െ log  ሺܺሻ with a݌

random variable ܺ.  

ሻݔሺܪ ൌ ෍݌ሺݔሻܫሺݔሻ
௫∈௑

ൌ ෍݌ሺݔሻlog	݌ሺݔሻ
௫∈௑

ൌ ෍݄௕ሺݔሻ
௫∈௑

 

where ݌ሺݔሻ denotes the probability mass function of ܺ.  

 The CEN for a confusion matrix ܥ can be defined as follows: 

CEN ൌ	෍ ௜ܲCEN௜

ே

௜ୀଵ

ൌ෍ ௜ܲ ෍ ݄ଶሺேିଵሻ൫ ௜ܲ௝
௜ ൯ ൅ ݄ଶሺேିଵሻ൫ ௝ܲ௜

௜ ൯

ே

௝ୀଵ,௝ஷ௞

ே

௜ୀଵ

 

ൌ෍
∑ ሺܥ௜௝ ൅ ௝௜ሻܥ
ே
௝ୀଵ

2∑ ௝௞ேܥ
௝,௞ୀଵ

ே

௜ୀଵ

෍ ݄ଶሺேିଵሻ ቆ
௜௝ܥ

∑ ሺܥ௜௞ ൅ ௞௜ሻேܥ
௞ୀଵ

ቇ

ே

௝ୀଵ,௝ஷ௞

൅ ݄ଶሺேିଵሻ ቆ
௜௝ܥ

∑ ൫ܥ௝௞ ൅ ௞௝൯ேܥ
௞ୀଵ

ቇ 

In our study, we have four (toilet status) or seven classes (BSFS) (ܰ ൐ 2). Thus, 

this measure lives in the range [0, 1] where 0 stands for perfect classification and 1 for 

the completely disordered classification. The CEN value of our study is 0.25. 
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Supplementary Figure 5. Stool classification performance of the algorithm versus 
medical students. Six medical students (training sets) and five medical students (test sets) 
produced a single prediction per image, represented by single red points. Averages and 
standard deviations of the medical students for each task were represented by green 
points, lines, and caps. a. The classification task here is reduced to a trichotomous task 
spanning constipation, normal stool and diarrhoea, based on the stool taxonomy shown 
in Figure 3c. Corresponding receiver operator characteristics (ROCs) were generated on 
a basis of a ground truth by physician A. The deep learning convolutional neural network 
(CNN) outperformed the average of untrained medical students when using the training 
set of stool images, indicating the algorithm follows board-certified surgeons’ decision 
with high accuracy. All area under curves (AUCs) were greater than 0.97. These ROCs 
were generated on a basis of a multiclass classification strategy, the one-vs.-rest. b. 
When using a completely new stool image set, the CNN provided comparable accuracy 
with those of trained medical students. All area under curves were greater than 0.91. c. 
Similar ROCs were generated, based on physician B’s classification as a ground truth. 
Similarly, the deep CNN showed higher accuracy in the test set than those of untrained 
medical students. All ROCs showed extremely high AUCs, which are all greater than 0.98. 
d. Similar patterns were observed when using the new stool image set with the ground 
truth provided by physician B. The CNN demonstrated comparable accuracy with those 
of trained medical students. 

 

Smart Phone Stool Analysis 

We also deployed many of the features described in the main section using a 

smartphone for users without access to a Smart Toilet for stool analysis. We created an 

iOS-based application by transferring our retrained tensors, the information obtained 

when training our CNN, from a laptop with the Inception v3 architecture to a mobile device. 

We used the Core ML framework released by Apple Inc., which allows developers to 

integrate machine learning into their iOS applications. The application was created with 

Xcode (Apple Inc., Cupertino, CA, USA), an integrated development environment for 

macOS. The current version of the application allows users to upload a stool image 

acquired by the users and the transferred tensors classify the stool accordingly. The 

developer tool we employed in this manuscript is Xcode Version 11.2 (11B52). The 

application was emulated and tested with iPhone 11 Pro Max, iPhone 11 Pro, iPhone 11, 
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iPhone X, iPhone XR, iPhone XS, iPhone 8 Plus, iPhone 8, iPhone 7 Plus, iPhone 7, iPad 

Pro (12.9-inch) (3rd generation), iPad Pro (11-inch), iPad Pro (9.7-inch), iPad Air (3rd 

generation), and iPad (7th generation). In the future application, embedded user 

identification methods such as facial recognition and fingerprint sensor (TouchID) in the 

smart phone will annotate generated data with the appropriate user and securely transfer 

the annotate data to a cloud system. We expect this mobile application will greatly extend 

the reach of our technology even in the absence of an in-home toilet system. 

 

Supplementary Figure 6. Smart phone stool analysis. a. The mobile application interface 
is shown. This enables users to upload a stool image for the machine learning application. 
The image is then classified automatically. b. In an ordinary toilet environment, users are 
instructed to take a photo of stool with their own mobile phone.   
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Measures of Image Similarity 

To gadget an additional biometric identification process in the toilet system, a new 

identification module that recognizes a user’s pattern of anal creases (so-called 

“analprint”) was implemented. The aim of the biometric identification process is to match 

the acquired images/videos by the system with stored reference data to provide 

reliable/reproducible recognition of a person’s identity. A universal serial bus (USB) 

camera attached to a microprocessor (Raspberry Pi) acquires video stream on the region 

of interest (i.e. anus or anoderm) when a seating signal from the pressure sensor is 

detected. Then, three algorithms are employed to compare the fragmented frames with 

the reference frames stored in the system—the mean squared error (MSE), the Structural 

Similarity Index Measure (SSIM), and a deep convolutional neural network (CNN). A 

measure of MSE between two images ݃ሺݕ,ݔሻ and ො݃ሺݕ,ݔሻ is: 

MSE ൌ	
1
ܰܯ

෍ ෍ሾ ො݃ሺ݊,݉ሻ െ ݃ሺ݊,݉ሻሿଶ
ே

௠ୀଵ

ெ

௡ୀଵ

 

This equation averages the squared intensity differences of acquired and 

reference image pixels. A value of 0 for MSE indicates perfect similarity, while a value 

greater than 100 implies less similarity and will continue to grow as the average difference 

between pixel intensities increases as well. In practical use, however, the MSE is flawed 

as often times images of the same subject will have dramatically different pixel values, 

for example, when taken under different lighting conditions, leading to large MSE values. 

While the MSE measures the perceived errors from pixels, the SSIM estimates the 

perceived change in the structural information of the image and often provides greater 
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insights. Wang et al. introduced this framework to improve image comparison by fixing 

some of issues related with MSE. This structural similarity index is defined as below: 

SSIMሺݔ, ሻݕ ൌ
ሺ2ߤ௫ߤ௬ ൅ ܿଵሻሺ2ߪ௫௬ ൅ ܿଶሻ

ሺߤ௫ଶ ൅ ௬ଶߤ ൅ ܿଵሻሺߪ௫ଶ ൅ ௬ଶߪ ൅ ܿଶሻ
	 

where ߤ௫ stands for the mean intensity,  

௫ߤ ൌ
1
ܰ
෍ݔ௜

ே

௜ୀ଴

 

while ߪ௫ indicates the standard deviation (the square root of variance) as an estimate of 

the signal contrast. 

௫ߪ ൌ ඩ
1

ܰ െ 1
෍ሺݔ௜ െ ௫ሻଶߤ
ே

௜ୀଵ

 

whereas ܿଵand ܿଶ are constants to avoid instability when ߤ௫ଶ ൅      .௬ଶ approaches to zeroߤ

The third method of measurement uses a CNN to classify the stool in the previous 

section. Since modern image recognition necessitates millions of parameters, model 

training from scratch requires much more computational power with a large amount of 

data that is already labelled with a classification. To most efficiently approach this 

problem, we employed transfer learning, a method in which a CNN that has been 

rigorously trained on other related data can be applied to a new problem by only retraining 

a small portion of it. In our case we use a transfer learning methodology with TensorFlow 

(Google Inc.) to recycle feature extraction capabilities from a powerful image classifier29 

(InceptionV3) trained on ImageNet and then simply retrain the penultimate layer of the 

network. 
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In order to use all the algorithms to determine the identity of a user via their 

analprint, we must compare a user’s analprint at the time of toileting to a reference set of 

analprints for all possible users. When the current user’s print is compared to the 

references, the lowest MSE-scoring reference analprint will identify the user. In our case 

we calculate the MSE scores for each frame in the video taken, and then take the 

average. For example, consider a single participant. For research participant 1, the MSE 

value between their current analprint and their corresponding participant 1 reference print 

is 184, while the lowest MSE value of any other participant when comparing to the 

participant 1 reference analprint is 612. Since the lowest MSE identifies the best match, 

this method correctly identifies participant 1. Furthermore, the SSIM value between the 

test set (Participant #1’s current analprint) and the reference set (Participant #1’s 

reference analprint) is averaged to be 0.79, while MSE values of the remaining 

participants (their test sets vs. participant 1’s reference print) were lower than 0.72, also 

correctly identifying that participant 1 is the best match. Finally, the CNN prediction was 

88 ± 22.17% (all frames averaged) while all other participant’s CNN predictions were 

never higher than 9.2%. All other comparisons were detailed in the Supplementary 

Table 4. As can be seen in Supplementary Table 4, in most cases, all algorithms provide 

a reasonable distinction of the research participant by analysing the pattern of the anus. 

In addition, we believe that acquiring the entire defecation process from the anus will 

facilitate not only reliable recognition of a person’s identity, but also accurate measure of 

the amount of excreta and diagnosis of certain medical symptoms such as haemorrhoids.  

All data including images, videos, and user information generated by the toilet system 

were stored in an online, shared folder. This folder was shared with the host server 
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performing machine learning and user annotations on the generated dataset. After 

uploading, remaining datasets in a local machine were deleted to protect user’s privacy.  

Supplementary Table 4. Comparison between the test sets from the participants and the 
stored reference sets via the mean squared error (MSE), the structural similarity indices 
(SSIM) and the deep convolutional neural network (CNN).    

   Reference Sets 

   P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 

T
es

t 
S

et
s 

P1 
MSE 184.27 877.83 1126.2 2838.1 809.72 3404 2919.2 1905.8 1805.1 612.58 

SSIM 0.79 0.72 0.56 0.56 0.63 0.53 0.53 0.57 0.52 0.63 

CNN 0.89 0 0.09 0.01 0 0 0 0 0 0 

P3 
MSE 1338.9 410.44 387.54 1264.7 793.92 1076.2 1434.7 605.12 810.51 1282.4 

SSIM 0.6 0.62 0.64 0.48 0.57 0.53 0.5 0.55 0.46 0.49 

CNN 0 0 1 0 0 0 0 0 0 0 

P4 
MSE 3116.5 1218.6 1777 203.81 1276.8 446.82 1274.4 540.9 920.52 2779.8 

SSIM 0.53 0.6 0.51 0.6 0.54 0.61 0.53 0.56 0.53 0.46 

CNN 0 0 0 0.93 0 0 0 0.05 0.01 0 

P5 
MSE 964.88 874.77 1150.7 2126.3 385.81 2385.9 2036.8 1273 1499 907.14 

SSIM 0.61 0.6 0.52 0.45 0.69 0.49 0.47 0.52 0.44 0.51 

CNN 0.02 0.03 0.03 0 0.56 0.01 0 0.02 0.09 0.23 

P6 
MSE 1792.8 559.2 1050.1 832.43 658.72 478.64 1518.7 556.35 521.9 1490.3 

SSIM 0.62 0.67 0.56 0.54 0.61 0.66 0.53 0.59 0.54 0.52 

CNN 0.03 0.02 0 0.02 0 0.9 0 0.02 0 0 

P8 
MSE 2979.2 1289.9 1780 380.6 944.39 350.96 1392.5 262.47 805.03 2600.3 

SSIM 0.53 0.56 0.48 0.53 0.55 0.61 0.5 0.64 0.51 0.45 

CNN 0 0 0 0.01 0 0 0 0.98 0 0 

P10 
MSE 764.2 1429.2 1614.9 3991.1 1832.9 3969.9 3969.9 2906.5 2585.9 672.06 

SSIM 0.66 0.61 0.55 0.42 0.57 0.45 0.45 0.47 0.43 0.64 

 CNN 0 0 0 0.01 0.02 0.01 0.02 0 0.04 0.91 
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Smart Toilet User Acceptance Survey 

To assess the user acceptance of the Smart Toilet (this is the exact wording used 

in the actual survey), we have created and distributed a “Smart Toilet User Acceptance 

Survey,” which is approved by the Stanford IRB (protocol number: 51666). The survey 

briefly introduces the main concept of Precision Health and describes relevant 

functionalities of the Smart Toilet. After the introduction, the survey asks the users’ 

acceptance and compliance to potentially sensitive features of the Smart Toilet. A total of 

300 surveys were recorded from the Stanford community. We acknowledge that this 

population does not fully represent the general public; however, we were able to draw 

some interesting results from this survey. 

Demography 

Questionnaires were distributed to Stanford-affiliated email lists. Altogether, 300 

questionnaires were returned and analysed. Questionnaires broached issues regarding 

Precision Health and Smart Toilet related information (e.g., user acceptance per Smart 

Toilet module, compliance, awareness of new biometric identifiers) and on some basic 

sociodemographics. Since a toileting event is very gender-sensitive, all individual 

responses were categorized by gender. In this survey, 153 participants identified 

themselves as “Male”, while 135 identified as “Female”. It should be noted that the survey 

offered non-binary gender options as well, and 12 identified as “Other” or recorded no 

response. Moreover, it is important to mention that the majority of survey responses 

(43.67%) were from individuals with doctoral or professional degrees. The full 

demographic information of the survey participants is shown in Supplementary Figure 

7. We note that our survey population is biased because it represents a highly educated 
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group from one geographic location, which may systematically over- or under-estimate 

population preferences toward the Smart Toilet. 

 

 

Supplementary Figure 7. Smart Toilet User Acceptance Survey: Demography 

Compliance 

Since we first began developing the Smart Toilet, we have designed the system to 

minimize any human behaviour/intervention required for the system’s operation. This 

feature is also very important for potential users as the majority of survey participants 

responded that “minimizing human intervention (not interfering with normal human 

behaviour)” is either very important (49.49%) or somewhat important (36.79%). 

Specifically, fifteen survey respondents emphasized this feature. Since this design 

consideration has been our top priority throughout the development of the Smart Toilet, 

we expect to see high overall user compliance of the Smart Toilet system.  

Acceptance 

The overall acceptance of the Smart Toilet system as well as participants’ 

acceptance level per module are shown below in Supplementary Figure 8. A 5-point 

Likert scale was employed in order to assess the different factors that could potentially 
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elevate or depress users’ comfort levels towards Smart Toilet technologies. Interestingly, 

we observed a statistically significant preference of non-camera based modules (the 

urinalysis and fingerprint modules over uroflowmetry, stool analysis and analprint 

modules combined, p < 0.0001, two-sample t-test). The most accepted module is 

urinalysis while the least favoured module is analprint. After explaining each respective 

module to the participant, we asked him or her the overall acceptance of the Smart Toilet 

system. We noted that the overall acceptance level of the Smart Toilet system is within 

an acceptable range as the majority of responses were either “somewhat comfortable” 

(37.33%) or “very comfortable” (15.33%) to use the Smart Toilet system. More than half 

of the respondents (52.67%) feel that the system is comfortable to use in some degree, 

while 30.00% of the respondents feel uncomfortableness to use (7.33% and 22.67% feel 

“extremely uncomfortable” and “somewhat uncomfortable”, respectively).  

As the gender issue is crucial, all responses per individual module with overall 

Smart Toilet acceptance rates were compared by gender. Owing to the small number (n 

= 12) of respondents from other/unknown genders, the other/unknown genders were 

excluded from comparison. A gender difference was observed in a camera based module 

of the Smart Toilet system with a p-value of 0.04 (stool analysis, at 0.05 level). Males are 

more favourable to this camera-based Smart Toilet modules. Other than this module, 

gender differences were not observed with large p-values of 0.53 (overall acceptance), 

0.22 (urinalysis), 0.06 (uroflowmetry), 0.67 (fingerprint) and 0.27 (analprint).  

In order to avoid any potential framing effect, we directly asked the survey 

participants the following questions. “Would you feel comfortable with a camera in the 

toilet bowl that captures stool images and pictures of your anus?”. 35.67% of the 
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respondents answered “YES” while the remaining individuals (64.33%) answered “NO”. 

We asked again, “Would you be comfortable with a camera in the toilet bowl that ONLY 

captures stool images and does not take pictures of your anus?”. 75.33% of the 

respondents answered “YES”, while the rest of the participants (24.67%) answered “NO”. 

Lastly, we asked those who answered “YES” to the question above the following question: 

“Would you be more comfortable with a "scanner" such as a barcode scanner, instead of 

a "camera' in the toilet bowl?”. 70.27% of the selected respondents answered “YES”. This 

result implies that there is a general sense of elevated levels of malaise and apprehension 

of any cameras taking optical images of the body and excretion. 
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Supplementary Figure 8. The Overall User Acceptance of the Smart Toilet System. 
Detailed user acceptance levels per Smart Toilet modules are also displayed. No gender-
based differences were observed except for the defecation monitoring module (Stool 
Analysis). Interestingly, the survey participants are more favourable toward using non-
camera based assays in the Smart Toilet system (*: p-value is less than 0.05 and ****: p-
value is less than 0.0001).     

Correlation 

In our survey, no socio-demographical (gender, education and ethnicity) 

background affects user’s acceptance level of the Smart Toilet system. 59.67% of the 

survey participants responded that they have heard of the concept of “Precision Health”. 

Among them, only 56.98% recognized the difference between “Precision Health” and 

“Precision Medicine”. However, the awareness of “Precision Health”, either vaguely or 

accurately, does not affect the overall user acceptance of the Smart Toilet system as 

represented by large p-values (0.55 and 0.56, respectively, two-sample t-test). 34.33% of 

the survey participants are currently wearing a health monitoring device and 35.67% of 

the survey participants already use some kind of Smart Home devices. Those who wear 

a health monitoring device are not statistically different in their Smart Toilet acceptance 

levels from those who do not wear (p = 0.39, two-sample t-test). Interestingly, those who 

use a Smart Home device are significantly more favourable to the Smart Toilet system 

than those who do not use any (p = 0.01, two-sample t-test). 

Comments/Suggestions 

The vast majority of participants’ comments/suggestions (from the 86 comments) 

are regarding privacy protection and data security enactment in the Smart Toilet system. 

Most of the users’ qualms stem from the Smart Toilet’s use of a camera as a sensor. 

Forty comments were regarding obtaining tangible and immediate health-care benefits 
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from the Smart Toilet system, best represented by a user’s quote - “Very clear benefits 

that are evidence based”. Other comments from nineteen respondents are related to the 

Smart Toilet’s cost and affordability. Eighteen respondents mentioned a self-cleaning 

feature of the Smart Toilet.  

A few respondents proposed to use the system first in a clinical setting such as a 

doctor's office or a pharmacy to increase its awareness and comfort. Some respondents 

expressed their concerns on our study’s use of intrusive terminology/rhetoric (such as 

analprint and toilet camera). They proposed us to use alternative, less intrusive 

terminology such as a generic optical sensor or scanner. Other respondents pointed out 

the importance of the minimal interference with normal human behaviour. Lastly, we 

believe one of the comments properly represents the current status of our Smart Toilet 

system: “The concept sounds uncomfortable right now, but that's because it isn't the 

norm.”  

Future survey studies will be conducted with broader coverage of diverse 

socioeconomic classes, cultural backgrounds, and geographic locations. 

Privacy and Security 

Stanford’s Data Risk Assessment  

In order to effectively protect users’ privacy and secure all data, the current IRB 

protocol (eProtocol Number: IRB-45621, titled “Continuous Human Health Monitoring via 

Routine Urinalysis and Stool Analysis”) was assessed by the Stanford’s Data Risk 

Assessment (DRA). The Stanford Information Security Office (ISO) and University 

Privacy Office (UPO) performed a Data Risk Assessment (DRA), an information security 

and privacy assessment of “Continuous Human Health Monitoring via Routine Urinalysis 
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and Stool Analysis Data Risk Assessment” in order to not only identify but also mitigate 

any risks to Stanford University.  

The list issued by the DRA to protect privacy:  

1. The Stanford research team will issue Stanford encrypted devices (including the 

toilet system) to research participants for the purpose of collecting the photographs 

required for the study. 

2. The Stanford research team will build a Research Electronic Data Capture 

(REDCap) web form to allow participants to upload the photographs required for 

the study directly to REDCap. REDCap is a browser-based, metadata-driven EDC 

software solution and workflow methodology for designing clinical and translational 

research databases.  

3. All of the research participant data collected both on‐site and off‐site will be stored 

in REDCap or Stanford Medicine Box. 

4. The videos and photographs collected on the toilet camera will be immediately 

transferred to REDCap or Stanford Medicine Box and deleted from the toilet 

camera. The camera of the toilet system must be stored in a secure area or locked 

drawer when not in use. 

The list issued by the DRA to protect security: 

1. The Stanford research team ensures that the endpoint device(s) (mobile devices 

used to capture the images/videos and the laptops/desktops used to access 

REDCap or Stanford Medicine Box) complies with Stanford’s Minimum-Security 

Standards (https://minsec.stanford.edu) for endpoints as applicable.  

2. The Stanford research team adheres to Stanford’s password standards  
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(https://uit.stanford.edu/service/accounts/passwords/quickguide). 

3. The Stanford research team configures all data transfers to enforce the use of 

secure data transmission protocols (e.g., Transport Layer Security 1.1+). 

4. The Stanford research team provides a direct method of transferring data on 

mobile device(s) to REDCap or Stanford Medicine Box. 

 

Potential Identity Recognition  

We envision that prior to the installation/deployment of the toilet system, in a local 

hospital (in which a cloud server is located), users must consult with designated 

physicians for toilet use and register their fingerprints and analprints accordingly (with the 

freedom to opt in/out for analprint scan at any anytime.) This process will ensure 

electronic health record (EHR) compatibility of any generated data from the toilet System. 

While seating, the motion detector initiated the anus scanner so that all subsequent 

events will be annotated with the owner of the anus. This will cover 1) male defecation, 

2) female defecation, 3) female urination, and 4) male user seated urination (although 

modules for 3) and 4) are currently under development). After the completion of a 

defecation and/or urination event, the fingerprint scanner prompts a user via a green light 

indicator. When the user flushes, the user’s identity obtained from the fingerprint scanner 

will be compared with that from the analprint scanner. When disparity is observed, the 

generated data will be flagged for identity mismatch. Both the user(s) and designated 

clinicians will be notified with this disparity, too.   

 The aspect of the anus may change over time. Regarding the morphological 

stability of the anus over time, a few studies have already dealt with this concern, by 
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describing automatic template update strategies for biometrics. Our biometric ID with a 

combination of fingerprint and analprint can also implement this technology by constantly 

adapting and updating any changes in appearance. Furthermore, if a significant change 

in anus’ morphology is observed, this observation can be related to disease detection, 

such as anal fissure or haemorrhoid, which are detectable by our camera-based or 

machine learning based approach. Nonetheless, if user acceptance and privacy issues 

regarding the human anus as a biometric identifier rise, the analprint identification method 

can always be replaced by some other approaches. 
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Future Toilet System 

The effective incorporation of disease-specific tests in the toilet system will require 

two significant features: a standardized workflow for biomarker analysis and biomarker 

selection and discovery. First, a standardized workflow for any given biomarker is 

required. Biochemical analyses of human excreta in a toilet environment would require 

bulky and expensive analytical instruments and complex sample preparation modules for 

downstream analysis. Inevitably, it requires a more expensive and complex biochemical 

analysis system that may not fit within the dimensions of a toilet. Thus, a sample-to-

answer type test is more appropriate in the Smart Toilet system. To implement these 

types of assays within the Smart Toilet system, standard workflows for biochemical 

analyses of urine/stool will be developed and incorporated. This workflow includes four 

sub-processes guided by the Department of Defense (DoD) regarding a point-of-care 

assay development, which are 1) sample collection and preservation, 2) sample 

preparation, 3) molecular recognition, amplification, and signal transduction, and 4) 

system integration. 

Second, biomarker selection for any given disease will play a vital role in the test 

incorporation. As listed in our Supplementary Table 2, many disease/other states such 

as urinary tract infections or pregnancy can be monitored/screened with available 

biomarkers. Endogenous biomarkers such as human chorionic gonadotropin (hCG), 

luteinizing hormone (LH) and synthetic biomarkers in the forms of minicircle30, 

macrophage31, and nanoworm32 are all possible ways in which the toilet may eventually 

be customized to detect those for serial monitoring. Once biomarkers are fully confirmed 

and validated, the Smart Toilet may be useful to track these biomarkers from human 
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excretion. Although the delivery of the above-mentioned agents currently requires 

intravenous injection, orally deliverable agents will be available in the future, and the 

reporters could be detected by the toilet. We envision that such strategies will be 

successively and effectively employed in our future toilet system for testing specific 

diseases and different cancer types. Although the delivery of the above-mentioned agents 

currently requires intravenous injection, orally deliverable agents are expected to be 

available in the future, and the reporters could be detected by the toilet. We envision that 

such strategies will be successively and effectively employed in our future toilet system 

for testing specific diseases and different cancer types.   

 

Supplementary Table 5. Initial prototype parts for the toilet system. Note that these 
prices are based on retail market values. Mass production is not considered and not 
reflected in this price list. Also note that the authors do not have any financial interests 
with the listed vendors.  

Part Part number and Manufacturer Price 
Urinalysis Reagent 
Strips  

Accutest URS-10 (100 units), Jant Pharmacal Corp, 
Encino, CA 

$ 18.40 

Toilet Body Cover SmartBidet, Bergenfield, NJ $ 40.00 
Toilet Body Seat SmartBidet, Bergenfield, NJ $ 70.00 
Raspberry Pi v3 
Model B 

Raspberry Pi Foundation, Cambridge, UK $ 35.00 

Raspberry Pi Camera 
Module v2 

Raspberry Pi Foundation, Cambridge, UK $ 45.00 

Optical Fingerprint 
Reader Module 

GR2904, FlyFun Company, Shenzhen, China $ 19.85 

Analog-to-Digital 
Converter (ADC) 

MCP3008, MicroChip Technology, Chandler, AZ $ 2.19 

Passive Infrared (PIR) 
Motion Sensor 

HC-SR501, Adafruit, New York, NY $ 9.95 

LED strips WS2815BK300WP (5 m), Alitove, Shenzhen, China $ 19.99 
GoPro Hero 7 GoPro Inc., San Mateo, CA $ 

329.99 
Servo Motor MS-R.1.3.9, Olimex Ltd., Plovdiv, Bulgaria $ 27.99 
PCB Prototyping Stanford Prototyping Facility - 
Rapid Prototyping (3D 
print, Laser cut) 

Stanford Product Realization Lab, Stanford Biodesign 
Collab 

- 
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Printed Circuit Board Layout 
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Supplementary Figure 9. a. Schematic wire-diagram for the urinalysis module. b. When the PIR motion sensor detects a 
urination event, a mounted strip is deployed by the uni-polar stepper motor (left). After a certain amount of time, the strip is 
retracted and recorded by the video camera (right). c. Schematic printed circuit board (PCB) layout (left) and its 3-D 
representation (right). d. Schematic wire-diagram for the stool & analprint analysis module. e. Schematic PCB (layout) and 
its 3-D representation how the PCB is integrated with a microprocessor. f. A picture of the PCB on top of the Raspberry Pi 
with the stool camera, pressure sensor, fingerprint transistor-transistor logic (TTL) serial, and light emitting diodes (LED).  
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