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Food waste tracking systems (FWTS) have become increasingly common as monitoring tools in the food service
sector. Yet, staff-reported FWTS data are subject to uncertainties from enumerator bias, and their accuracy has
rarely been investigated or empirically tested. This study provides insights into the reliability of FWTS data from
three healthcare kitchens and one hotel kitchen. Using a staggered experimental design, staff-reported data (> 21
days) were compared with scientific control data (6 days) collected with the same FWTS under constant con-
ditions. Staff-reported FWTS data underestimated food waste quantities by up to 80 %, with an average

underreporting of approx. 29.4 % across mealtimes (breakfast, lunch, dinner) in the healthcare kitchens and
approx. 30.7 % during breakfast buffet in the hotel kitchen. Our results also show that staff-reported FWTS
quantities can shift the true mean values toward a biased underestimation without widening the confidence
interval, making comparisons appear precise but inaccurate.

1. Introduction

International and regional policy agendas have set ambitious targets
for reducing food waste (e.g., United Nations Sustainable Development
Goal SDG 12.3 and Waste Framework Directive (Directive 2008/98/EC),
which in turn require robust, comparable measurement across all sectors
of food value chains (Council of the European Union, 2024; United
Nations, 2015). Policies like the EU Circular Economy Action Plan
translate this into binding national targets with harmonized monitoring
and reporting requirements (European Commission, 2020). For restau-
rants and food services, recommended methods include direct mea-
surements and waste composition analysis as well as indirect methods
like counting and scanning or diaries (European Commission, 2019). In
commercial and institutional kitchens, food waste tracking systems
(FWTS) have become increasingly popular in recent years (Vardopoulos
et al., 2024). Providers with the widest reach and customer base
implemented their FWTS in >3000 kitchens (Winnow, 2025) and 4500
kitchens (Leanpath, 2025). These FWTS are designed to collect food
waste data at source and gain actionable insights for operational and
administrational improvements (Eriksson et al., 2019). The modus
operandi ranges from manual logging and weighing to fully automated

smart bins and touchless recording with Al-based image recognition and
automated data processing. Current developments combine IoT and
big-data platforms to connect kitchen sensors and food waste data across
sites for benchmarking and reporting (Ahmadzadeh et al., 2023).

1.1. Food waste tracking can drive reductions

Field evidence from the hospitality sector indicates that FWTS can
lead to significant food waste reductions due to the operational learnings
gained during data collection (Sigala et al., 2025a). For instance,
Eriksson et al. (2019) found that among 735 food service providers
(hotels, restaurants, and canteens), that systematically tracked their
food waste quantities, 61 % subsequently reduced it over time. Leverenz
et al. (2021) reported a 64 % decrease in buffet leftovers in four hotels
following the installation of food waste-tracking devices. Raised staff
awareness led to behavioral adjustments and the independent devel-
opment of food waste reduction strategies by the kitchen and service
staff. Goossens et al. (2022) assessed the economic, environmental, and
social benefits of FWTS, providing a business case for food waste
tracking tools. Accordingly, food waste was reduced by an average of
1800 kg per kitchen and year, which corresponds to annual net savings
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of 8300 EUR and 6.8 tons of CO: equivalents (Goossens et al., 2022).
Read and Muth (2021) estimate that FWTS can also improve purchasing
efficiency and lower costs through better planning, with expected re-
ductions in food purchases of about 3.2-7.6 %. Furthermore, food ser-
vices might save 7-8 kg of CO, equivalents for every dollar invested in
waste-tracking (Read and Muth, 2021).

1.2. Data quality and measurement bias

The data quality of FWTS depends not only on device settings, but
also on the operational behavior of the kitchen staff that operates the
system, which increases the likelihood of measurement biases (Corrado
et al., 2019). To our knowledge, however, measurement biases have not
been systematically investigated in this context. The quality of
self-reported data has only been examined in household settings, where
participants consistently underestimate actual food waste quantities
(Elimelech et al., 2019b). For instance, Quested et al. (2020) found that
household diaries underestimated household food waste between 7 %
and 40 % compared to waste compositional analyses. The study iden-
tified behavioral reactivity (people wasting less during the diary period),
misreporting (not all items discarded being recorded), measurement
bias (not all items are weighed), and self-selection bias (those
completing a diary being different from the wider population) as key
factors contributing to underreporting (Quested et al., 2020). Similarly,
van der Werf et al. (2020) found only weak to fair alignment between
surveys and measured food waste from a curbside sample of 189
households (van der Werf et al., 2020). Elimelech et al. (2019a) used a
hybrid approach that combined a self-assessment questionnaire, a
physical waste survey, and a food expenditure survey to triangulate
household food waste. The self-assessments hereby slightly under-
estimated the survey quantities (Elimelech et al., 2019a). However, the
findings from household settings indicate that similar reactivity can be
expected when kitchen staff operate FWTS in commercial food service
settings. Malefors et al. (2019) acknowledge that human factors intro-
duce error in any self-report system. Staff may omit certain waste
streams (e.g. liquids down the drain, or waste occurring during peak
busy periods) either because it is troublesome to log or to present better
figures. Moreover, the frequency and timing of data collection can affect
the accuracy and reliability of data collected through self-reporting
(Malefors et al., 2019). Infrequent or unscheduled data collection can
lead to incomplete or missing data, whereas delayed data reporting can
affect the accuracy of collected data, e.g. water losses due to exposure of
food waste to the air. Hence, staff-reported FWTS data might lack ac-
curacy and misreport the amount of food waste due to operational
shortcomings and enumerator-related bias similar to individuals in
households.

1.3. Research gap and contribution of this study

Beyond systems that support food waste tracking, generalizability
problems exist due to research design issues and heterogeneity of data
collection (Dhir et al., 2020). While cross-sectional studies (e.g.
(Sebbane and Costa, 2018)), are common in literature, they are con-
strained by inherent weaknesses of self-reported surveys, which lack
independent verification of accuracy (e.g. (Bharucha, 2018; Liao et al.,
2018)). Selection bias could affect representativeness of results, thus
leading to false precision of results and increase the risk of misinter-
pretation (e.g. (Hamerman et al., 2018; McAdams et al., 2019)). Despite
the growing number of studies and businesses using FWTS, the data
accuracy remains widely unknown. Although studies usually provide
confidence intervals for the sample data, they cannot provide informa-
tion about the actual measurement accuracy of FWTS data due to
missing independent control mechanisms or objective audits
(Vardopoulos et al., 2024). While a few household studies investigated
the gap between self-assessments and measured food waste (e.g.
(Elimelech et al., 2019a, 2019b; Quested et al., 2020; van der Werf et al.,
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2020)), this discrepancy remains unknown for FWTS in the food service
sector. In particular, the accuracy of FWTS with respect to
enumerator-related bias has not been systematically investigated.

This knowledge gap indicates that existing research may be subject
to unknown bias, which could lead to misinterpretation of measurement
results, false conclusions, and to misguided reduction strategies. FWTS
data may understate actual food waste quantities, and reported re-
ductions may partly reflect changes in recording behavior rather than
true decreases. With unknown accuracy, stakeholders and system pro-
viders can overstate expected improvements, and cross-site bench-
marking may reward underreporting practices rather than real
prevention. Where FWTS data feed into policy monitoring and public
reporting, unquantified bias can distort baseline performance, overstate
year-on-year progress, mis-rank sites or sectors for incentives, and
misdirect resources. It can also shape public narratives, for example,
statements from providers that “FWTS are proven to halve food waste at
scale (Winnow, 2025)” when the effect stems largely from biased mea-
surements or underreporting, creating a false sense of progress.

In this light, our study aims to gain first empirical insights into the
accuracy of FWTS data by comparing staff-reported with scientifically
controlled measurements in healthcare and hotel kitchens. We aim to
estimate the enumerator-related relative bias (relative error) in FWTS
data and determine operational correlates of accuracy (e.g., coverage,
weighing frequency). By quantifying these errors, we aim to improve
practical validation and calibration routines and contribute to more
reliable monitoring frameworks that better utilize FWTS for decision-
making, reporting, and waste reduction measures in support of sus-
tainability targets.

2. Material and methods
2.1. Study design

Our study uses an experimental design with two staggered mea-
surement periods. In the first period, kitchen staff collected data with the
FWTS. This phase is hereafter referred to as staff-reported period.
Immediately following the completion of the staff-reported period, re-
searchers collected data a few days later, using the same FWTS under
similar day-to-day operational conditions in each kitchen. This phase is
hereafter referred to as the scientific control period. The measurements
were conducted in three healthcare kitchens of the same company and
one hotel kitchen. All participants were introduced to the FWTS protocol
through standardized training sessions involving kitchen managers,
service staff and chefs. The training sessions covered the operation of the
FWTS, the categorization of food waste by mealtime and functional area,
and the requirement to avoid operational or administrative changes
during the study period to maintain consistent baseline conditions and
generate comparable data. Participants were told that the purpose of the
study was to contribute to a scientific database on food waste quantities.
They were not made aware that the accuracy and reliability of their
reporting behavior was the true focus of this study. This intentional
withholding of the assessment dimension of the study was intended to
minimize behavioral reactivity and allow for a more natural data
collection under typical operating conditions. In Phase 1 (staff-reported
period), kitchen staff independently logged all food waste data using the
FWTS over a period of at least 21 days. This time frame follows the
methodology of Eriksson et al. (2019), which recommends a minimum
of 21 complete datasets, defined as entries for all main meals or mea-
surement categories on a given day (Eriksson et al., 2019). Due to
operational constraints such as rest days, illness, and staffing shortages,
staff-reported data were often fragmented, and only complete datasets
were retained for comparison. In Phase 2 (scientific control period),
following the staff-reported period at each site, trained researchers
conducted independent measurements over a six-day period using the
same FWTS setup (Fig. 1).

All operational and administrational conditions, including menu
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Fig. 1. Study design and process flows.

plans, guest numbers, and procurement routines, were held constant to
ensure comparability and to isolate the influence of the data collector (i.
e. kitchen staff compared to researchers) as the only systematic differ-
ence. The six-day duration represented a practical compromise between
methodological rigor and logistical feasibility, since longer scientific
audits would have exceeded our staffing and operational capacities.
Table 1 provides the characteristics of the measurements, including
observation periods, guest occupancy, and completeness of staff-
reported versus scientific control FWTS data.

To assess the integrity of the staff-reported data, we used four in-
dicators: (1) temporal gaps, which refers to days or mealtimes without
any FWTS entries; (2) the coverage rate, which describes the ratio be-
tween the number of items scheduled (i.e., dishes or components listed
on the daily menu) and the number of items actually logged (i.e. dishes
or components recorded and monitored during the measurement) by the
FWTS; (3) the weighing frequency per day (weighings d1), representing
the mean number of FWTS entries per day and meal or operational
category; and (4) the relative bias (~enumerator bias), which expresses
the proportional difference between the quantities tracked during
scientifically controlled measurements and staff-reported measurements
(Table 2).

Table 1
Characteristics of the measurements.

Table 2
Indicators for identifying relative bias in staff-reported food waste data.
No.  Indicator Definition Function
1) Temporal gaps Whole days or Indicates time-series
mealtimes with no data  integrity
entries.
2) Coverageratein%  Proportion of scheduled  Indicates skipped dishes or
(Items weighed + items @ that were meals when log entries for
Items scheduled) actually recorded. dishes on menu list are
-100' missing.
3) Weighing Number of FWTS Indicates consistency of
frequency entries per day, reporting
(weighings d™) mealtime or

operational category.
()] Relative bias in % Proportional difference Quantifies enumerator-

between staff-reported related bias

and scientifically (underreporting)
controlled

measurements.

(a). ‘Scheduled’ refers to the total number of food items (dishes or components)
listed in the kitchen’s daily menu or buffet plan.

Setting Location (L) Measurement approach Occupancy “ (guests d™!) * Observation period (dd.mm - dd.mm.yy) Length "(days) Completeness © (days)
Care facilities L1 staff-reported 182 +11 15.07 - 01.12.19 138 21
scientific control 180 + 7 02.12-07.12.19 6 6
L2 staff-reported 281+ 8 03.07 - 24.11.19 99 87
scientific control 280 £ 3 25.11 - 30.11.19 6 6
L3 staff-reported 501 + 35 29.07 - 08.09.19 42 31
scientific control 500 £ 7 09.12-14.12.19 6 6
Hotel L4 staff-reported 114 + 24 13.03 - 15.07.19 124 27
scientific control 115 £ 17 16.07 — 28.07.19 12 12

@ Mean =+ standard deviation of registered guests per day. A Mann-Whitney U test showed no significant difference between the staff-reported and scientific-control

phases at any site (p > 0.05).
Y Inclusive calendar days between the first and last date shown.

¢ Days on which all mealtimes and waste categories were recorded with a 100 % completeness in the Food-Waste Tracking System (FWTS); i.e. fully documented

“waste-measurement days.”.
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Given that staff-reported and scientific control measurements took
place on different but operationally comparable days, a direct estimate
of the absolute measurement bias was not possible. Therefore, we used
the relative bias as an indicator, under the assumption that a fairly ac-
curate approximation of absolute bias can be achieved when all oper-
ating and administrative conditions are kept constant.

2.2. Food waste tracking procedure and data screenings

All participating kitchens in this study were equipped with a food
waste tracking system previously applied in comparable institutional
settings (e.g. (Leverenz et al., 2020, 2021). The system uses a calibrated
electronic scale with a measurement resolution of 20 g and an intuitive
user interface that displays weight values in real-time. The FWTS was
integrated into kitchen routines to record food waste promptly and with
minimal complexity, comparable to similar FWTS on the market
(compare Table S 2). Surplus food was weighed in the same serving trays
(bins or dishes) in which the food was originally presented at the buffet.
After meal service ended, kitchen staff collected all remaining buffet and
plate leftovers and measured them using the FWTS. Pre-configured tare
values for each serving tray enabled automated deduction of container
weight, ensuring accurate calculation of net food waste. All entries were
assigned to specific waste categories (e.g., buffet returns, plate waste)
and mealtimes. The data collection protocol hereby complies with the
Food Loss and Waste Accounting and Reporting Standard (FLW Stan-
dard) established by the World Resources Institute (Hanson et al., 2016).
Following a similar approach to Malefors et al. (2019), we characterized
each dataset based on quantifiable parameters, such as length of the
investigation period, and completeness of data with full resolution or
coverage. The quantification period (length) reflects the total number of
days during the investigation. Only complete measurement days were
used for the comparative data analysis between the staff-reported and
the scientific control period. Completeness was reached when FWTS
entries were present across all mealtimes during a day, which indicates
consistent tracking efforts. Preliminary data screenings revealed entire
days without FWTS entries, partial meal coverage, or absence of certain
measurement categories (e.g., plate waste vs. buffet returns). Accord-
ingly, temporal gaps and incomplete datasets were excluded from
further analysis. This approach corresponds to what Malefors et al.
(2019) define as a “second-level” quality criterion, aimed at minimizing
analytical noise from partial or inconsistent records. Coverage and
weighing frequency were then evaluated for their correlation with
relative bias to determine their ability to explain the extent of data
inaccuracies.

2.3. Measurement categories

The three healthcare kitchens (L1, L2, L3) belong to the same facility
group and follow standardized menu planning and meal preparation
practices. Meals in these facilities are served at self-service buffets in
dining halls. Food waste in the healthcare facilities was quantified
during the three primary mealtimes: breakfast, lunch, and dinner. The
hotel, however, does not offer lunch or dinner buffets on a daily basis.
Hence, only the breakfast buffet was included in the measurement
period in the hotel kitchen. The breakfast buffet follows a largely stan-
dardized menu with minor seasonal adjustments, similar to the fixed
meal plans in healthcare kitchens. Unlike the healthcare facilities, the
hotel kitchen’s food flows were comprehensively quantified, including
the food quantities used to set up and refill the buffet, and the buffet
leftovers (uneaten and surplus food), which were further distinguished
into food waste (the portion of buffet returns that is wasted), and
quantities used for other purposes, i.e. staff catering. We expect that
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operational parameters such as the number of guests had a negligible
influence on the FWTS data, as guest occupancy values remained
consistent across the staff-reported and scientific control periods (cf.
Table 1). Statistical analysis (Mann-Whitney U test) confirmed no sig-
nificant differences at the 95 % confidence level (p > 0.05) for any site.

2.4. Descriptive and inferential statistical analysis

To evaluate the staff-reported food waste data, we compared the
daily average food waste quantities (expressed in grams per guest) be-
tween the staff-reported and the scientifically controlled measurements.
Differences between these paired datasets were analyzed with a two-
tailed, paired-sample t-test at a 95 % confidence level. Before perform-
ing the t-tests, the Shapiro-Wilk test revealed normally distributed
samples for staff-reported and scientific control measurements after data
cleaning. To illustrate differences and distributions within the paired
datasets, we provide a set of descriptive plots, including boxplots,
scattergrams, strip plots, and bar charts with mean values and standard
deviations. For the bias range estimation, we used a resampling pro-
cedure with replacement (non-parametric bootstrap method). With this
approach we standardized sample sizes across groups to plot the full
range of possible differences between staff-reported and scientifically
controlled data. We generated 1000 resampled values with replacement
for each dataset (staff-reported and controlled) to form synthetic sam-
ples of equal size. We then computed the pairwise differences between
all possible combinations (yielding 1000 x 1000 difference values).
These differences were then used to construct empirical distributions
and calculate 95 % confidence intervals. The bootstrap analysis was
applied separately to each mealtime (breakfast, lunch, dinner) in the
healthcare kitchens, as well as to aggregated daily values. In the hotel
kitchen, the analysis was stratified by four operational sub-categories:
buffet setup and refill (1), buffet returns (2), staff catering (3), and
food waste (4).

3. Results
3.1. Accuracy of FWTS and underreporting patterns

The results of our study reveal a consistent pattern of underreporting
in the staff-reported food waste data collected from the pilot kitchen
settings. Across all kitchens in healthcare and hotel environments, the
quantities of food waste documented by kitchen staff fell below those
obtained via scientifically controlled measurements, with no over-
reporting in any setting. Fig. 2 categorizes food waste quantities by
mealtime (breakfast, lunch, dinner) and provides a daily average for the
three healthcare kitchens (L1, L2, L3). The staff-reported accuracy (light
blue) is shown as a proportion of the scientifically controlled values. A
value of 100 % indicates perfect alignment between staff-reported and
scientifically controlled data, whereas values below 100 % indicate
underreporting (dark blue). Only one kitchen (L2) showed accurate and
reproducible data across all mealtimes. For the other healthcare kitchens
(L1 and L3), the daily averages across all mealtimes were under-
estimated by between 17 % (L3) and 70 % (L1).

In the hotel kitchen, substantial underreporting was observed across
all measurement categories (Fig. 3 and Table S 4). The level of under-
reporting within different measurement categories appeared to align
with operational priorities and perceived product values. Reporting was
most accurate for buffet setup and refilling, with an underreporting of
approximately 10 %. Categories that typically have less operational
priority demonstrated more substantial inaccuracies. For instance, staff
catering showed an average underreporting of approx. 30 %, buffet
returns approx. 33 %, and food waste approx. 49 %. In both the hotel
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Fig. 3. Underreporting levels of food flows at breakfast buffet in the hotel
kitchen (L4).

and healthcare kitchens, statistically significant differences (p < 0.05)
were found between staff-reported and scientifically controlled mea-
surements for all locations and all mealtimes, except at location L2
during breakfast (Figure S 1).

3.2. Coverage and weighing frequency as indicators for the magnitude of
underreporting

Relative bias was strongly correlated with both weighing frequency
and coverage (cf. Fig. 4). Higher frequencies and broader coverage
reduced bias and brought reported values closer to the scientific con-
trols, whereas low values of either were associated with substantially
higher bias. For healthcare kitchens, polynomial regressions explained
80 % of the variance in relative bias for weighing frequency (Fig. 4, a)
and 82 % for coverage (Fig. 4, b). In the hotel kitchen, the in-sample fit
was even stronger, with R* = 0.90 (Fig. 4, ¢) and R* = 0.95 (Fig. 4, d).
This stronger statistical correlation is probably not only the result of
consistent operating conditions, but also of enumerator effects that can
be attributed to the same group of employees in the hotel during a single
meal.
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3.3. Distributions of relative bias: assessing the range and variability of
underreporting

The range of the relative bias, expressed as underreporting distri-
butions, varied across kitchens, mealtimes, and operational categories
(cf. Figs. 5 and 6). The density distribution curves demonstrate that
narrow confidence intervals do not necessarily imply accurate data. For
instance, breakfast and lunch at L1 show the highest underreporting
between approx. 60 % and 90 % with relatively narrow intervals. Such
narrow intervals make the data appear statistically accurate in the
original FWTS data, but do not reveal that the estimates are systemati-
cally biased compared the true mean.

Dinner at L1 showed intervals with greater variability between 0 %
to 70 %, but with lower relative bias. In contrast, there was no signifi-
cant underreporting in L2, but the confidence intervals were the widest
compared to the other health kitchens. This shows that wider confidence
intervals do not necessarily indicate higher degree of underreporting or
greater relative bias, but possibly the opposite. Staff reports can produce
narrow intervals around systematically underestimated means, making
data look statistically reliable while in fact being substantially
inaccurate.

In the hotel kitchen, food waste was the most underreported category
and had the widest confidence interval, ranging from 20 % to 80 %
(Fig. 6). The buffet setup and refilling category showed the lowest
underreporting (approx. 10 %) with a correspondingly wide range be-
tween -20 % and +35 %. Buffet returns and staff catering categories fell
in between, with distributions between around 10 % and 50 % of
underreporting. These findings from the hotel kitchen further strengthen
the observation that confidence intervals do not indicate data quality or
accuracy of FWTS.

4. Discussion
4.1. Main findings: underreporting patterns and data quality

This study is one of the first that systematically investigates the data

accuracy of FWTS in the food service sector. We observed consistent and
substantial underreporting of staff-reported FWTS data in hotel and
healthcare kitchens, caused by an enumerator bias. On average,
healthcare kitchens showed an underreporting rate of approximately
29.4 % across all locations and all mealtimes, while hotel kitchens
showed an underreporting rate of 30.7 % across all operational cate-
gories during breakfast. These underreporting levels are similar
compared to self-reporting studies in households (e.g. (Hoover and
Moreno, 2017; McDermott et al., 2018; WRAP, 2009, 2013)), where
food waste diaries underestimated the true quantities between 7 % and
40 % of mass (Quested et al., 2020). The average underreporting across
these five household studies was approx. 30 %, which is nearly identical
to the average underreporting in healthcare and hotel kitchens from our
study. Furthermore, Elimelech et al. (2019b) observed that subjective
self-assessments in households (diaries and questionnaires) showed
slightly higher underestimations (approx. 16 %) compared to physical
food waste surveys. These findings indicate that the consistent pattern of
underreporting persists in different contexts, whether in individual
households or in larger operations, i.e. commercial or institutional
kitchens.

In our study, however, the level of underreporting differed across
locations (kitchens), mealtimes and operational categories. Except for
one healthcare kitchen (L2), staff-reported quantities were significantly
lower than those compared to scientifically controlled measurements
across healthcare and hotel settings. In three out of four pilot kitchens
(L1, L3, L4), staff-reported FTWS data significantly underestimated true
quantities. The trends of underreporting were statistically significant («
= 0.05) across both settings (healthcare and hotel kitchens), all meal-
times (breakfast, lunch, and dinner), and all measurement categories
(buffet setup & refill, food waste, buffet returns and staff catering). In
hotels, the category of buffet setup and refilling showed relatively low
bias (approx. 10 %), while underreporting for buffet returns (33 %) and
food waste (49 %) was significantly higher. The latter often involves
more variable and less predictable elements, making accurate reporting
more challenging and susceptible to underreporting. Hence, the opera-
tional context and product values influence the reliability of staff-
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Fig. 5. Range of underreporting (% of mass) by mealtime for healthcare kitchens; columns: L1, L2, L3; rows: breakfast, lunch, dinner, daily average.

reported data. In environments where shifts are short-staffed or re-
sponsibilities are poorly defined, measurement failures and in-
consistencies become more likely due to the increasing error
propagation probability. Similar to Eriksson et al. (2019), we found
incomplete entries, missing categories or gaps for whole days in the
FTWS logs. We observed that data accuracy correlates more strongly
with the location of the kitchen than with its type (e.g., healthcare or
hotel kitchen). For instance, even within healthcare kitchens belonging
to the same facility group and using standardized meal planning and
prepping schemes, the level of underreporting differed significantly
between locations. The daily averages, for example, underestimated
food waste quantities by ~ 1 % at Location 2 (L2), ~ 17 % at Location 3
(L3), and ~ 70 % at Location 1 (L1). These discrepancies indicate the

impact of enumerator-related factors at each location, such as personnel
capacities, receptiveness to procedural instructions (training), and the
motivation of staff responsible for food waste tracking. The extent of
relative bias varied also by mealtime within the same site, which can be
explained by shift-specific staff changes. Consequently, our study shows
that the individual behavior and practices of employees at each location
appear to be one of the main factors influencing the data quality of
FWTS.

The highest underreporting was observed in healthcare kitchens
during lunch in location L1, with relative biases reaching approx. 80 %.
In contrast, location L2 displayed minimal discrepancies between staff-
reported and controlled measurements, demonstrating that FWTS can
produce reliable data without any notable bias. Importantly, the
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Fig. 6. Range of underreporting (% of mass) by measurement category in the hotel kitchen; top left: buffet setup & refill; top right: buffet returns; bottom left: food

waste; bottom right: staff catering.

presence of measurement error does not compromise the usefulness of
FWTS. As shown by Eriksson (2019) and Leverenz et al. (2021), FWTS
often lead to meaningful waste reductions through awareness-raising,
even when absolute quantities remain uncertain. Therefore, while
underreporting undermines data accuracy, it may simultaneously reflect
a positive behavioral shift triggered by measurement itself, as exem-
plified in Sundin et al. (2024). Hence, FWTS can serve not only as
monitoring tools but also as behavioral interventions, provided that
their limitations are recognized and mitigated through appropriate
validation strategies. To identify underreporting in daily kitchen pro-
cesses, operational parameters like weighing frequency and coverage
can serve as practical indicators due to their correlation to the relative
bias. In healthcare settings, polynomial regression (in-sample coefficient
of determination, R?) explained 80 % of the variance in the relative bias
for weighing frequency and 82 % for coverage. In the hotel setting, the
corresponding R? values were 0.90 and 0.95, indicating even stronger
in-sample fit. These results suggest substantial associations or correla-
tions in the observed data. However, high in-sample R? does not equal
generalizability. The small sample size and potential single-location
effects increase the risk of overfitting and confounding (including mul-
ticollinearity among polynomial terms). Accordingly, we recommend
using coverage and weighing frequency as practical indicators in
real-world settings, serving more as a rule of thumb rather than a direct

calibrator for the level of underreporting.

4.2. Theoretical and practical implications

The observed underreporting tendency in this study reflects a com-
plex interaction between task design, individual motivation, and insti-
tutional context. While FWTS may be framed as important tools to
monitor and reduce food waste (e.g. (Eriksson et al., 2019; Goossens
et al., 2022; Malefors et al., 2024; Orr and Goossens, 2024; Principato
et al., 2023; Sigala et al., 2025)), their implementation in high-pressure
kitchen environments introduces a subjective dimension that can
compromise data quality. The results of our study indicate that FWTS
data in the current literature may understate actual food waste quanti-
ties (e.g. (Diana et al., 2023; Filimonau and De Coteau, 2019; Vardo-
poulos et al., 2024)) and that the reported reductions may partly reflect
changes in recording behavior rather than actual declines (e.g. (Eriksson
et al., 2019; Goossens et al., 2022; Leverenz et al., 2021; Sigala et al.,
2025a)). Without objective audits, reported improvements might be
significantly overstated and cross-site benchmarking may reward
tracking practices rather than real prevention. Where FWTS data feed
into policy monitoring and reporting, unquantified bias can overstate
year-on-year progress and shape public narratives. Advertising state-
ments of kitchen providers that “FWTS are proven to halve food waste
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(Winnows 2025)” need to be treated with caution. Touchless systems
such as smart bins might be less vulnerable to enumerator bias and help
to reduce the level of underreporting because they depend more on the
accuracy of their components, such as the precision of the scale or image
recognition modules (Malefors et al., 2024). Although automation is
helpful, it is not a substitute for human engagement. Our findings
showed that technology alone might not resolve reporting errors if the
personnel interacting with the systems lack the capacity, time, clarity or
incentive to report accurately. In this light, we suggest an integrative
approach to improve data quality of FWTS by combining control
mechanisms regarding measurement consistency (e.g. using coverage
and weighing frequency as rule-of-thumb-indicators) with frequent staff
training to ensure procedural clarity. FWTS implementations should
consider enumerator-related biases and their impact on system effec-
tiveness. When supported by diagnostic indicators and periodic valida-
tion, FWTS can provide reliable data for food waste monitoring and
reduction strategies, as demonstrated by the accurate data from one
healthcare kitchen (L2) in our study. However, considering the pre-
dominant pattern of significant underreporting, the use for external
reporting needs to be treated with caution.

4.3. Understanding the sources of enumerator bias in staff-reported data

The observed underreporting pattern in this study can be attributed
to various interrelated behavioral, operational, and methodological
factors. Several studies have shown that the act of measurement itself
can influence the outcome and lead to food waste reductions, but
without considering potential enumerator biases (den Boer et al., 2024;
Elimelech et al., 2019a, 2019b; Eriksson et al., 2019; Goossens et al.,
2022; Leverenz et al., 2019, 2020, 2021; Quested et al., 2020). Broderick
& Gibson (2019), however, acknowledge that the Hawthorne effect
likely influenced the kitchen staff behavior during their field audits to-
ward underestimation. Accordingly, the observer effect may have led
kitchen staff to systematically underreport the amount of food waste in
order to portray themselves or their team as more efficient or environ-
mentally conscious. This might also be related to social desirability,
which means that people tend to adjust their stated behavior to meet
perceived social expectations or personal ideals (van Herpen et al.,
2019). For example, in a workplace cafeteria, large discrepancies were
found between stated amounts within a survey and actual behaviors, i.e.
observed amounts of leftovers (Sebbane and Costa, 2018). Discrepancies
were predicted by descriptive norms and were more common among
men (1.5 times more likely than women) despite smaller waste amounts,
indicating that social expectations shape self-reports as much as
behavioral aspects. Procedural clarity might further affect data collec-
tion, especially when different staff members conduct reporting pro-
cedures inconsistently, like in the healthcare kitchens in our study. For
FWTS, this relates to technical aspects such as accuracy and calibration
of the scale, but also to operational procedures such as correct catego-
rization of the food and waste items, completeness of measurements, or
even double entries. Furthermore, operational pressures during peak
service periods might lead to missed or incomplete entries (like in our
study), when kitchen staff prioritizes service continuity over FWTS data
accuracy. While Malefors et al. (2019) provide a useful day-count rule
for attaining a measurement precision of the “Waste per portion”, their
calculation assumes unbiased, independent measurement errors
(Malefors et al., 2019). Our results, however, showed that in
staff-reported FWTS data, enumerator bias (e.g., selective recording,
inconsistent inclusion rules) can shift the true value toward substantial
underestimation without widening the confidence interval. That means
that longer measurement periods and larger samples may narrow in-
tervals around biased estimates, making inaccurate results appear pre-
cise. Therefore, staff-reported FWTS data can produce narrow intervals
around systematically underestimated means, making data look statis-
tically reliable while in fact being substantially inaccurate. Conse-
quently, cross-site or temporal comparisons may appear precise but
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should be interpreted with caution. Where feasible, independent audits
or models that minimize enumerator effects should be used to align
reported precision with true measurement uncertainty.

4.4. Limitations

The design of our study did not allow for simultaneous dual-operator
measurement (i.e., staff and researcher weighing concurrently) due to
practical constraints in personnel and logistics. This decision was also
informed by concerns that researcher presence could introduce reac-
tivity and influence normal operations. As a compromise, a temporally
staggered design was implemented, with scientifically controlled mea-
surements conducted shortly after the staff-reported phase under stable
conditions. While this design does not allow to quantify the absolute
bias, it offers a pragmatic and minimally invasive approach to isolating
the effect of the reporting enumerator and calculate the relative bias.
Throughout the study period, critical operational parameters, such as
guest numbers, menu plans, and procurement procedures, remained
consistent, increasing the reliability of comparisons. Hence, first in-
ferences were drawn about the existence, direction and relative extent of
systematic enumerator-related bias. This approach represents a prag-
matic response to the logistical constraints of institutional kitchen en-
vironments and research capacities, while offering a first indication of
the extent to which enumerator effects may compromise the reliability
of staff-reported food waste data. However, sample size and regional
specificity of the participating kitchens might restrict the generaliz-
ability of the results beyond the context studied. The focus on healthcare
and hotel kitchens also limits the applicability of findings to other sec-
tors, such as schools, catering services, or institutional canteens, where
food service practices and reporting structures may differ. External
factors such as seasonality, guest composition, or unforeseen operational
changes (e.g., staff absences, menu shifts) could have influenced waste
quantities, although efforts were made to stabilize these parameters
across the measurement periods. Despite these limitations, the observed
levels of underreporting align with findings from household studies
(Elimelech et al., 2019b; Quested et al., 2020), suggesting a
cross-contextual validity of the bias. To our knowledge, this study is
among the first to quantify underreporting in institutional kitchens
using controlled comparisons, offering an important empirical founda-
tion for future research.

4.5. Recommendations for future research

Given the inherent challenges in aligning staff-reported data with
scientific rigor, future investigations might contribute to investigating
possibilities in reducing the enumerator-related bias. Additional atten-
tion should be given to contextual variables such as meal types, service
formats, kitchen layout, and staffing levels. As observed in this study,
even within standardized operational frameworks, site-specific varia-
tions in underreporting were substantial. Research aimed at character-
izing and modeling these contextual factors could help develop
predictive tools for data quality risk assessment. To enhance methodo-
logical rigor, hybrid designs could combine staff reports with periodic
scientific validation during dual measurement phases or randomized
spot audits. The integration of sensor-based automation tools, e.g. image
recognition scales or loT-enabled waste bins, offers technological pos-
sibilities for reducing human error and increasing data reliability. Some
of the FWTS on the market already provide those features (cf. Table S 2).
Interventional studies could assess how procedural improvements and
digital feedback loops influence both reporting behavior and waste
reduction outcomes over time. Refining FWTS protocols to incorporate
diagnostic metrics and real-time validation could contribute to
improving both the operational and scientific value of food waste
tracking in institutional settings.
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5. Conclusion

This study offers one of the first systematic, controlled assessments of
the data accuracy of food waste tracking systems in hotel and healthcare
kitchens. Across sites, staff-reported data consistently underestimated
true quantities by approx. 30 %. Despite standardized menus and
operational procedures, reporting accuracy varied widely across sites,
mealtimes and measurement categories, indicating that operating
personnel have the greatest influence on data quality. Notably, one
healthcare kitchen (L2) produced near-unbiased data, demonstrating
that FWTS can yield reliable measurements when well implemented. We
identified operational drivers of data quality, showing strong in-sample
associations between weighing frequency/coverage with relative bias
(healthcare: R? ~ 0.80/0.82; hotel: R? ~ 0.90/0.95). Scientifically, the
results shift attention from random errors to enumerator bias, showing
that systematic underreporting is a primary threat to data validity of
FWTS. Narrow confidence intervals can coexist with biased means,
making inaccurate data seem robust. The work separates behavioral
(enumerator) from technical error sources and offers field-tested in-
dicators to diagnose risk. For kitchen managers and FWTS providers,
data quality improves when implementations combine procedural
clarity and role ownership with simple diagnostic metrics (track and act
on weighing frequency and coverage thresholds). For benchmarking,
corporate reporting, and policy monitoring, our findings raise concerns
for unvalidated cross-site comparisons. Periodic independent audits or
randomized checks should be built into FWTS procedures. For technol-
ogy adopters, automation (e.g., smart bins, touchless systems) might
reduce enumerator bias but still require training, oversight, and vali-
dation to ensure accurate food waste tracking.
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