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Abstract 

Low-cost, scalable tests hold great potential to increase the availability of water 

safety data globally, especially in resource-limited settings. We evaluated the Lishtot 

TestDrop Pro, a commercially available, low-cost triboelectric-based sensor marketed 

for real-time determination of water contamination, including microbiological safety. 

We prepared a total of 199 water samples by serial dilution of raw wastewater influ-

ent into deionized water to produce a range of E. coli counts from <1 to too numerous 

to count (TNTC, > 300 per dilution plate) CFU/100 mL to evaluate the sensor. We 

tested these waters using the manufacturer’s instructions. We collected sensor read-

ings using three settings on each of five devices, generating nearly 8,955 individual 

measurements to compare against E. coli measured via standard membrane filtration 

assays (EPA Method 1604), a common metric of drinking water safety. We found no 

statistical correlation between the sensor score and E. coli presence in water: 43% 

of sensor readings indicated “safe” when wastewater and E. coli was present, and 

56% of samples lacking E. coli were deemed “unsafe” by the sensor when wastewa-

ter was absent. The Lishtot TestDrop Pro is not an accurate method for measuring 

microbiological water safety.

Introduction

Water Quality Monitoring (WQM) is an important tool for maintaining or improving 
public health. Drinking water is an important exposure route for pathogens [1–3], 
toxic metals [4], and other contaminants [5–7]. While communities and governments 
can take preventative measures to reduce public health risk, WQM is often neces-
sary to validate control measures [8]. WQM can also enable communities and public 
health practitioners to identify consistent risks and trends in drinking water quality 
[3]. Existing methods for WQM may often be cost-prohibitive or time-intensive. For 
measuring pathogens in drinking water, standard methods often require either a 
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delay in results to culture a target organism or expensive equipment to identify and 
analyze genetic materials [9–11]. Dependence on capital-intensive standard methods 
may make WQM unfeasible in rural and remote regions, or in resource-limited areas 
where standard methods and laboratories are not financially or logistically feasible 
[12,13]. These barriers may lead to scarcity in health-relevant data generation for 
WQM.

Seeing the importance of WQM and the difficulties of generating such data, the 
water and health sector prepared guidelines for generating new acceptable technol-
ogies and methodologies. The WQM sector, through UNICEF, developed criteria for 
a low-cost (<$1000 USD), novel methodology, with additional performance require-
ments [14]. The criteria note that for rapidly evaluating health risks posed by patho-
gens in drinking water, methods should be capable of differentiating risk levels, as 
discussed below, in a timely manner (less than 2 hours) [14]. One proposed tech-
nology, the Lishtot TestDrop Pro, is a commercially available real-time water quality 
sensor, marketed for consumer use. Marketing material for the sensor suggests 
that it is capable of measuring Escherichia coli (E. coli) by measuring the proteins it 
releases, and potentially other contaminants like heavy metals, PFOS, and pesticides 
[15]. Despite known limitations, E. coli is widely used to indicate fecal contamination 
of water, and therefore the potential presence of enteric pathogens [16]. According to 
the manufacturer, the technology works by measuring triboelectric effects in a water 
sample. Triboelectric effects, or surface electrification, can occur when objects move 
across one another and create a buildup of static electricity on one surface [17]. The 
Lishtot sensor marketing appears to claim that swirling a water sample in a plastic 
cup generates enough distinguishable triboelectric effect above the water level to 
measure water quality, including E. coli contamination.

No prior peer-reviewed studies have evaluated the performance of this sensor in 
indicating water safety. One unpublished report presents ambiguous findings [18], 
and initial testing by our team revealed poor performance in indicating microbial 
contamination [19]. Given the lack of peer-reviewed evidence to date, we sought to 
evaluate the sensor’s ability to predict microbiological water safety via a systematic 
study of the sensor output across a range of water samples spiked with wastewater. 
We compared sensor results to a standard metric for water safety: E. coli counts in 
water as measured by membrane filtration.

Methods

Methods: Measurements

We prepared samples representing contaminated drinking water supplies (n = 199) 
by spiking serial dilutions of wastewater influent from the Orange Water and Sewer 
Authority (OWASA) into de-ionized (DI) water, representing fecal contamination of 
drinking water. We collected wastewater influent in a clean 1-Liter HDPE bottle at the 
OWASA site and transported it on ice to the laboratory for processing. We prepared 
dilutions of influent ranging from 10-9 to 10-3 to produce E. coli ranging from non-
detect (<1 CFU/100-mL, Low Risk), 1–10 CFU/100-mL (Intermediate Risk), 10–100 
CFU/100-mL (High Risk), and >100 CFU/100-mL (Very High Risk) as described in 
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Table 1 below. We did not measure total dissolved solids or organic matter in this study. We used the 1000-mL diluted 
wastewater samples to take measurements with the Lishtot TestDrop Pro sensor.

We took sensor measurements by pouring 100 mL of well-mixed samples into a thin-walled polystyrene cup and gently 
swirling the 100 mL sample as specified by the manufacturer [15]. We poured a new 100-mL sample into a new cup from 
the original 1000-mL wastewater dilution for each sensor tested (n = 5). Each sensor contains three buttons (Tap, Bottle, or 
Environment). The test buttons of Tap and Bottle are said to test if the parameters are above the EPA guidelines, though 
the manufacturer does not mention the difference between these buttons or the use case of the Environment button [15]. 
Using the same sample cup for all measurements on the same device, we took three measurements using each button 
for a total of nine measurements per test. We took three measurements with the Tap button, then three measurements 
with the Bottle button, then three measurements with the Environment button. We briefly swirled the cup before each 
measurement. We took measurements by pressing and holding the relevant test button two to three inches from the wall 
of the cup, and in one motion, bringing the sensor to the surface of the cup, about half an inch above the water level, then 
releasing the button, as recommended by the manufacturer [15]. All measurements produced a water quality score from 
0-99 (0 representing the worst water quality), which were stored on the technology’s mobile app, connected via Bluetooth. 
Lishtot reports representative score ranges of 99–90 as “very high quality water”; 81–90 as “no significant contamination 
detected”; 65–80 as “low level of contamination detected”; 50–65 as “intermediate level of contamination”; 20–50 as “high 
level of contamination”; and 0–20 as “heavily contaminated water” [15]. We tested each button three times on each of the 
five separate Lishtot TestDrop Pro sensors across 154 samples. We also tested known negative (n = 22) and known posi-
tive (n = 23) samples by measuring laboratory blanks of DI water and raw mixed influent, respectively.

We compared the sensor scores against the standard method of Membrane Filtration (MF) on BD Difco™ Chromo-
genic Dehydrated Culture Media: MI Agar (Maryland, USA). For each MF sample, we took a 100-mL sample from diluted 
wastewater by pipette and passed it through a 0.45-µm pore filter paper, and then transferred to MI agar before incuba-
tion at 35°C for 24 hours while inverted, per the EPA method 1604 [10]. E. coli colonies on MI agar present as blue dots 
under ambient light, which two authors counted by eye. We completed MF measurements in triplicate for each waste-
water solution evaluated. While we conducted the pretest of the MI agar and the filter control, we did not conduct the 
phosphate-buffered dilution water control test [10]. We departed from method 1604 in counting by including readings of an 
individual plate up to 300 CFU/100 mL to include as much data as possible for analysis.

Methods: Analysis

We evaluated the sensor for its ability to accurately predict the WHO E. coli risk category (Low risk as <1 CFU/100 mL, 
Intermediate risk as 1- < 10 CFU/100 mL, High risk as 10- < 100 CFU/100 mL, and Very High risk as ≥100 CFU/100 mL E. 
coli) [20] for the wastewater dilutions. The true E. coli count was taken as the arithmetic average of the triplicate mem-
brane filtration readings [21]. We compared MF readings against the average of the triplicate measurements for each 
sensor button on each device to determine suitability for predicting E. coli and the broader risk categories. The n = 199 

Table 1.  Distribution of Stock Samples Spiked with Wastewater Influent.

WHO Risk Category E. coli Range [CFU/100-mL] Observed E. coli Range [CFU/100-mL] Number of Stock Samples Number of Readings

De-Ionized (Blank) Non-detect Non-detect 22 990

Low Risk (spiked) Non-detect Non-detect 25 1125

Intermediate Risk Detect- < 10 0.33-9.67 62 2790

High Risk 10- < 100 10-80 28 1260

Very High Risk >100 103-TNTC 39 1755

Raw Wastewater TNTC TNTC 23 1035

https://doi.org/10.1371/journal.pwat.0000442.t001
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samples varied in E. coli counts from non-detect to “too numerous to count” (TNTC noted as >300 CFU/100mL per 
individual plate), with count distribution shown in Table 1. The total set of readings comprised known-negatives (n = 990), 
known-positives (n = 1035), and other spiked samples (n = 6928). We prepared an equal number of serial dilutions each 
day, though this generated an unequal distribution of stock solutions in the various categories.

We evaluated false positives and false negatives, following the guidelines laid out by the UNICEF Target Product Profile 
– Rapid Water Quality Detection Tests guide [14]. We compared readings for these known negatives against the Lishtot 
score threshold of 81, above which “no significant contamination was detected” and therefore below which would indicate 
a false positive. Similarly, we compared known positive samples from the raw wastewater influent and compared them 
against the threshold of 81, above which would be considered a false negative.

We analyzed the data using Python and R. The analysis includes jitter plots, ANOVA significance tests with linear 
regression modeling (with significance at p = 0.05), and area under the curve (AUC) from Support Vector Classifiers (SVC) 
for each device and button [22].. Additionally, significant Shapiro-Wilk tests substantiated non-parametric distributions in 
the data, warranting a non-parametric evaluation using Spearman’s Rank-Order Correlation. We created regression mod-
els to evaluate the predictive power of sensor readings of each button on each device, and their combinations, for E. coli 
counts. We fit a basic linear model for each of the five devices and their three buttons, with their predictor being the aggre-
gate of the three button press trials for the device, and the response being the actual E. coli count found through MF. We 
tested both the aggregate of individual buttons for a device (all Tap button measurements, all Bottle button measurements, 
and all Environment button measurements), and the aggregate of all button measurements for the device combined.

AUC is a method for estimating how well a model or device performs at identifying the difference between positives (E. 
coli presence) and negatives in observed data. We calculated the AUC measurement for each button (Tap, Bottle, and 
Environment) for each of the five sensors. We also calculated an aggregated AUC score across the various combinations 
of button and device. Within the AUC analysis, a score of 0.5 is considered equivalent to random categorization of pres-
ence/absence, with scores below this threshold indicating a device worse than random categorization. For this study, we 
use a standard heuristic of an AUC of at least 0.7 to indicate acceptable classification performance, with all else indicat-
ing poor or even detrimental performance [23]. A description of the AUC process and the resulting measure for individual 
buttons on each device is provided in the supplementary information. For Spearman’s Rank-Order Correlation, we consid-
ered a p-value of 0.05 statistically significant and evidence for a monotonic correlation.

Results

The sensor measurements ranged from 0 to 99 and are shown by WHO risk category in the jitter plot in Fig 1, with sen-
sor score on the Y-axis. A breakdown of each device and button type (Tap, Bottle, Environment) is shown in Fig A in S1 
Appendix. When discounting known positive and known negative samples, the remaining readings (n = 6928) had 22% 
and 44% of sensor scores returned 99 and 0, respectively. This is shown by the concentration of points at the poles of the 
jitter plot. The evaluation of DI water as known negative samples shows that 56% of readings resulted in a false positive 
reading based on the score cutoff of <81. A similar evaluation of raw wastewater influent as a known positive shows that 
43% of readings resulted in a false negative reading based on the score cutoff of>=81. Samples in the Intermediate-High 
Risk categories showed a false negative percentage of 21%. The false positive and false negative rates exceed the 
UNICEF minimum-qualifying guideline of 15% [14]. All measurement data are available in S1 Data.

Fitted basic regression models did not result in any R2 value greater than 0.01. Additionally, no model for any device or 
button yielded a significant ANOVA F-statistic at p = 0.05, providing evidence of insignificant predictive power of the Lishtot 
score on E. coli counts for all buttons and devices. These values are listed below in Table 2.

Shapiro-Wilk tests on each of the devices’ aggregated sensor readings by button yielded p-values significant at 
0.05, indicating the sensor reading values are very likely not normally distributed. Given the strong evidence for a non-
parametric distribution of the data, Spearman’s Rank evaluation was used to determine any correlation between the 



PLOS Water | https://doi.org/10.1371/journal.pwat.0000442  June 18, 2026 5 / 10

sensor score and the averaged E. coli count, shown in Fig 2. Spearman’s rank correlation coefficient, or Spearman’s Rho 
(ρ), is -0.1493 with p = 0.0603. Since the ranking correlation is not significant at 0.05, there is not enough evidence to 
conclude that any monotonic correlation exists in the data between sensor readings and the true E. coli count. However, 

Fig 1.  Jitter plot of the (unaveraged) sensor scores for each device for each button type (Tap, Bottle, Environment), showing no difference in 
distribution across WHO Risk Categories.

https://doi.org/10.1371/journal.pwat.0000442.g001

Table 2.  Additional parametric test results for Lishtot readings vs. E. coli counts.

Lishtot Device and Button Pair ANOVA F-Test (p-value) Shapiro-Wilk test (p-value)

L1-Bottle 0.47 <0.001

L1-Tap 0.90 <0.001

L1-Environment 0.32 <0.001

L2-Bottle 0.55 <0.001

L2-Tap 0.39 <0.001

L2-Environment 0.40 <0.001

L3-Bottle 0.53 <0.001

L3-Tap 0.29 <0.001

L3-Environment 0.40 <0.001

L4-Bottle 0.36 <0.001

L4-Tap 0.38 <0.001

L4-Environment 0.69 <0.001

L5-Bottle 0.21 <0.001

L5-Tap 0.54 <0.001

L5-Environment 0.41 <0.001

https://doi.org/10.1371/journal.pwat.0000442.t002
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there is the possibility of noisy/skewed observations confounding results, specifically with samples with non-detectable E. 
coli counts. A Spearman’s Rank evaluation removing non-detect readings, which were clustered in the ranked ordering, 
indicates a Spearman’s Rho (ρ) of 0.0473 with a p-value of 0.6202, seen in Fig B in S1 Appendix. It is apparent that this 
result is not statistically meaningful, and there is not enough evidence to conclude that any monotonic correlation exists in 
our data despite removing this possible source of bias.

Further evaluation of the sensor scores as a presence/absence test was conducted with a classification model. The 
results in Fig 3 below show that the “Bottled Water” option has an Area Under the Curve (AUC) of 0.63 when aggre-
gating the readings across all five devices, though this is beyond the recommendations of the manufacturer. A further 
analysis considering each and button (Tap, Bottle, and Environment separated) for each unique device results in a 
minimum and maximum AUC of 0.35 and 0.65 for a single device-button combination, respectively, as seen in Fig C 
inS1 Appendix.

Discussion

Across many samples, the Lishtot TestDrop Pro sensor scores do not appear to be associated with E. coli counts as esti-
mated by the standard method and are a poor predictor of E. coli-based risk categories. The high number of readings at 
the measurement extremes of 0 and 99, which represented approximately 64% of all measurements, may lead to misin-
terpretation of water quality. Potential errors include the misclassification of both DI-blanks and raw wastewater influent as 
contaminated and clean, respectively. This misclassification was observed on all three button types across all five devices 
tested. The lack of statistically meaningful correlations in ranked data, shown by Spearman’s Rank evaluation, shows that 
the device is a poor predictor of E. coli counts. While the Lishtot TestDrop Pro meets UNICEF requirements regarding 
costs and throughput of samples, these benefits are moot when considering the rates of false negatives and false posi-
tives exceeding the defined 15% allowable threshold [14], which indicate that it is not a reliable method for measuring E. 
coli. The sensor is therefore inappropriate for indicating water safety.

It is possible that repeated measurements across many devices may result in an improved predictive ability for the 
presence/absence of E. coli. The distribution of AUC scores spans the 0.5 threshold (range: 0.35 to 0.65); however, 

Fig 2.  Spearman’s Rank Correlation between averaged E. coli concentration and averaged sensor reading.

https://doi.org/10.1371/journal.pwat.0000442.g002
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equivalent to a random coin flip. Likewise, the high rates of false positive and false negative results indicate the lack of 
reliability in the generated results. At the time of this publication, no other peer-reviewed studies evaluating the sensor 
have been identified. One grey literature source suggests a correct presence/absence prediction of 76% of readings when 
measuring fecal contaminants, though this source seemed to suggest inconsistent readings within replicate samples [18]. 
This internal inconsistency appears similar to the observations of the current study.

Triboelectric effects have been used to directly measure some chemical compounds, such as mercury [24] and cat-
echin [25], in agitated water systems. The success of triboelectric effect measurements for chemical contaminants has 
depended on selective surfaces, to which the target component is specifically attracted, and therefore surface electrifica-
tion will occur more in the presence of the target compound. These measurements are typically taken against a baseline 
reading. The Lishtot TestDrop Pro manufacturer recommends using a generic plastic cup (PS, PP, or PET) but does not 
mention a selective surface [15]. The manufacturer notes that the sensor measures E. coli by measuring the proteins 
associated with the bacteria’s presence in water, though it does not mention a selective surface for these proteins or a 
protein in the marketing that would specifically identify pathogenic E. coli [15]. It is possible that the act of swirling the 
sample by hand does not allow for adequate buildup of surface electrification, or that the presence of E. coli does not 
create a unique electrification profile. The literature suggests that even DI water moving over a surface produces a tri-
boelectric effect [26], with additional influences from Total Dissolved Solids [27], so the act of swirling should cause some 
triboelectric effect. The manufacturer does not specify the intensity of swirling needed, so the lack of standardization may 
also cause consistency issues. The use of diluted wastewater influent presented the ideal scenario for measuring any 
contamination in water through the Lishtot TestDrop pro. Wastewater influent will not only contain E. coli, but also other 
pathogens, chemicals, and organic matter. The lack of an observable trend between the Lishtot score and the dilution 
factor further suggests that the TestDrop Pro cannot reliably measure water contamination.

While the Lishtot TestDrop Pro sensor does not appear viable as a low-cost, rapid method of categorizing pathogenic 
risk, other novel methods exist that may prove appropriate. These include field-based biological methods like the Com-
partment Bag Test [28], Compact-Dry Plates [29], and the Aquatest method [29], which may be used without incubation 

Fig 3.  Area Under the Curve measures for E. coli contamination, with Presence/Absence classification for aggregated sensor readings by 
button.

https://doi.org/10.1371/journal.pwat.0000442.g003
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[30], though these still require a delay between sample collection and results for decision-making. Similarly, the H
2
S test is 

a field-based method that may show microbial activity but cannot uniquely identify the presence of target microorganisms 
[31,32]. Emerging sensor technologies may offer advantages in throughput and time-to-result. There have been advances 
in the use of rapid proxy measurements like Tryptophan-like-Fluorescence (TLF) [33–35], though these may lack sensi-
tivity or remain cost-prohibitive. These suggest that there are, in fact, novel methods which meet some of the UNICEF 
criteria, but there is no simple catch-all solution for all WQM scenarios. Sensors remain as high-throughput yet often costly 
methods, while microbial technologies are reliable but often leave a lag between sample collection and decision-worthy 
evidence generation. We recommend continued work by the sector to develop and rigorously examine novel techniques 
that may enable low-cost, timely, and reliable WQM evaluations.

Conclusion

In its current form, the Lishtot TestDrop Pro sensor does not seem to be a reliable tool in filling the capacity gap for WQM 
based on this study’s evaluation and the high prevalence of misclassifications. This work has served to highlight the need 
for evaluation of novel technologies related to low-cost WQM. The sector must find and implement solutions that ade-
quately meet the health and safety needs of populations in a timely manner while remaining economically viable. Such 
solutions may rely on novel technologies, which should be properly evaluated before implementation. It may be useful to 
replicate this effort with other products and marketed WQM tests.

Supporting information

S1 Appendix. Description of Statistical Analyses. 
(DOCX)

S1 Data. Sensor Test Scores and E coli measurements. 
(XLSX)
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