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Abstract
Nutritional profiling of fast-food products is essential for both consumer 
transparency and industrial quality control, yet conventional methods such 
as Kjeldahl, Soxhlet, and gravimetric assays are time consuming and require 
specialized laboratories. Near-infrared (NIR) spectroscopy offers a rapid and non-
destructive alternative, but its reliability in complex food matrices such as burgers 
and pizzas remains underexplored. In this study, four types of burgers (10 samples 
each, three replicates) and thirteen types of pizzas (three replicates each) were 
analyzed using both reference methods and a Tango FT-NIR spectrometer to 
determine protein, fat, carbohydrates, sugars, ash, dietary fiber, and dry matter. 
Results indicated excellent agreement between NIR and classical methods for 
major components, including protein, fat, carbohydrates, and dry matter, with no 
statistically significant differences (p > 0.05). However, sugars showed systematic 
deviations, with overestimation in burgers (p < 0.05) and underestimation in pizzas 
(p < 0.01). Ash content also differed significantly in pizzas (p < 0.05), while dietary 
fiber showed the largest discrepancy, with NIR consistently underestimating 
values (p < 0.05). Despite these limitations, NIR displayed high repeatability, with 
standard deviations below 0.2% for most parameters. These findings confirm NIR 
as a robust and efficient tool for routine nutritional screening in fast food, though 
reference methods remain indispensable for sugars and dietary fiber.
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Introduction
Fast food products represent a rapidly growing sector 
of the global food industry, characterized by high 
consumption rates, standardized production, and 
increasing scrutiny over their nutritional quality and 
safety.1,2 Due to their complex and heterogeneous 
composition, often comprising combinations of meat,  
bread, cheese, oils, and sauces fast foods pose  
signif icant analytical challenges. Accurate 
determination of parameters such as protein, fat, 
carbohydrates, sugars, ash, dietary fiber, and dry 
matter is essential not only for quality control but also  
for regulatory compliance and consumer health. 
Traditionally, these analyses have relied on classical 
reference methods, including oven drying for moisture,  
Soxhlet extraction for fat, Kjeldahl and Dumas 
methods for protein, and chromatographic or titrimetric  
approaches for sugars, salt, and additives. While 
these methods are well established, highly accurate, 
and widely accepted by regulatory agencies, they 
are also time consuming, labor intensive, and 
destructive, making them less practical for the fast 
paced demands of modern food production.3-7

In recent decades, near-infrared (NIR) spectroscopy 
has emerged as a powerful alternative for food 
analysis. The near-infrared (NIR) region, spanning 
approximately 780–2500 nm, is part of the infrared 
spectrum and is characterized by overtone and 
combination vibrations of molecular bonds such as 
O–H, C–H, and N–H. NIR spectroscopy refers to the 
analytical technique that utilizes this specific region 
of electromagnetic radiation to obtain qualitative 
and quantitative information about the chemical 
composition of materials.8 Based on the interaction of 
NIR radiation with molecular vibrations in O–H, C–H, 
and N–H bonds, this technique enables rapid, non-
destructive, and reagent-free analysis of multiple 
components simultaneously. NIR spectroscopy has  
been successfully applied in diverse areas of food  
science, and its integration into fast food analysis 
offers particular advantages for routine monitoring 
and real time process control. However, its effective- 
ness depends on robust chemo-metric modeling, 
and it may lack the sensitivity required for trace 
components compared to classical techniques.9-11

Although NIR spectroscopy has been widely applied 
in food analysis in general, its specific application to 
fast food products remains relatively limited. Only a 

few studies have investigated its use in this sector, 
often focusing on isolated parameters such as fat in 
fried products, protein in meat patties, or oil quality 
during frying.12-14 While these studies demonstrate 
the feasibility of NIR for rapid, non-destructive 
analysis, a comprehensive evaluation of fast food 
items as complex, multi component matrices has 
not yet been fully achieved. Most existing research 
does not provide a complete description of nutritional 
parameters such as protein, fat, carbohydrates, 
sugars, ash, dietary fiber, and dry matter within the 
same product, nor does it systematically compare 
NIR performance with classical reference methods 
across different categories of fast food.4,5,9,11 This 
gap highlights the need for more integrative studies 
that assess the full potential of NIR as a routine tool 
for quality control and nutritional profiling in the fast 
food industry.

Comparing NIR spectroscopy with classical methods  
in the context of fast food products is therefore 
of high relevance. Such a comparison not only 
highlights the strengths and limitations of each 
approach but also addresses key issues of analytical 
speed, cost-effect iveness, environmental 
sustainability, and industrial feasibility. This study 
aims to critically evaluate the application of NIR and 
traditional reference methods for the analysis of fast 
food products, with a focus on nutritional parameters 
and future directions for rapid food testing in this 
dynamic sector.

Materials and Methods
Sample Collection and Preparation
The study focused on two representative categories 
of fast food products: burgers and pizza. Four distinct 
types of burgers and thirteen types of pizza were 
purchased from major commercial fast food outlets. 
For the burger category, ten independent samples 
were collected for each type, while for pizza one 
sample was obtained for each of the thirteen types. 
All products were transported to the laboratory under 
controlled conditions, homogenized immediately, 
and subdivided to allow parallel analysis by classical 
reference methods and NIR. For NIR analysis, each 
burger sample was analyzed in triplicate, resulting 
in a total of thirty spectra per burger type. For pizza, 
three replicate measurements were performed for 
each of the thirteen varieties.
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Classical Reference Methods
The determination of the proximate chemical 
composition was carried out in an ISO-accredited 
laboratory using validated reference protocols. 
Protein was quantified using the Kjeldahl method, 
which measures total nitrogen content and applies 
a standard conversion factor (N × 6.25) to obtain 
protein values.15 Lipid content was determined by 
Soxhlet extraction with petroleum ether.16 Total 
carbohydrates were calculated by difference, and 
sugars were measured using the modified School 
method, based on reduction of Fehling’s solution 
after inversion.16 Moisture content was determined 
by oven drying at 105 °C to constant weight 
(AOAC 925.10),17 and dry matter was calculated 
by difference.18 Total dietary fiber was determined 
using the enzymatic gravimetric AOAC 985.29 
method. Ash content was determined by incineration 
in a muffle furnace at 550 °C (AOAC 923.03). In 
addition, the energetic value (kcal and kJ/100 g) 
was calculated in accordance with Regulation (EU) 
No. 1169/2011 on the provision of food information 
to consumers.19 For each burger and pizza type, 
one determination was performed for the classical 
analyses, which served as reference values for 
calibration and validation of NIR models.

Near-Infrared Spectroscopy
Near-infrared spectroscopy was conducted using 
a Bruker Tango FT-NIR spectrometer equipped 
with a MATRIX module (Bruker Optics GmbH, 
Germany). The instrument operated in the spectral 
range of 780–2500 nm in reflectance mode. Prior to  
scanning, samples (burgers and pizzas) were 
homogenized to minimize particle size and packing 
density heterogeneity, and stored at a consistent 
temperature (20 – 25 °C)/humidity (30 – 60%) 
condition to reduce moisture variation. A replicative 
measurement scheme (e.g., three scans per sample)  
was applied to assess spectral repeatability. 
The instrument was calibrated for reflectance 
measurements using a certified white reference 
standard and a dark current measurement. For 
burgers, ten independent samples were analyzed 
per type, with three replicate spectra collected for 
each sample, resulting in thirty spectra per burger 
type. For pizzas, thirteen individual products were 
analyzed, and three replicate spectra were obtained 
for each, ensuring reproducibility and minimizing 
instrumental variability. All spectra were recorded 

at room temperature with a resolution of 4 cm-¹ and 
averaged from 32 scans to improve the signal to 
noise ratio. Between measurements, the instrument 
was calibrated with a reference standard to ensure 
spectral stability. Spectral resolution, number of scans  
averaged, and optical path reflectance geometry 
were optimized to ensure a sufficient signal to 
noise ratio (S/N). Raw spectra were subject to 
preprocessing steps, such as smoothing, baseline 
correction, multiplicative scatter correction (MSC) 
or standard normal variate (SNV), and first/second 
derivative transformation, to minimize physical 
interferences (scatter, path length variation) and 
enhance chemical absorption features.20

Chemo-Metric Analysis
The spectral data were processed using chemo-
metric techniques, with partial least squares (PLS) 
regression employed to establish calibration models 
for each parameter of interest. Classical reference 
values obtained from the accredited laboratory 
were used as calibration and validation targets. 
Models were optimized and validated to enable the 
prediction of ash, carbohydrates, dry matter, dietary 
fiber, fat, protein, and total sugar content, allowing 
for a direct comparison between the performance 
of conventional analytical techniques and NIR 
spectroscopy in fast food analysis.

Statistical Analysis
All statistical analyses were performed using 
SPSS v.27 (IBM Corp.) and Python (Matplotlib and 
SciPy libraries). Normality of data distribution was 
verified with the Shapiro Wilk test, and homogeneity 
of variances was assessed via Levene’s test. 
Differences between NIR and classical methods 
were evaluated using paired sample t-tests, with 
statistical significance set at p < 0.05. One-way 
ANOVA was employed to examine variability among 
product types, followed by Tukey’s HSD for post hoc 
comparisons. Precision was expressed as mean ± 
standard deviation (SD) across replicates. Reliability 
of NIR predictions was further evaluated using 
Pearson’s correlation coefficients and coefficients of 
determination (R²) against reference values.

Results
Nutritional Composition of Burgers
The proximate composition of the four burger types 
is presented in Table 1. Protein values determined 
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by the Kjeldahl method averaged 9.20%, while NIR 
spectroscopy yielded a slightly higher mean of 9.35 ± 
0.08%. The variability between the three replicate NIR 
determinations for each burger sample was minimal,  
with a standard deviation generally below 0.10%, 
indicating high reproducibility. No significant difference  
was found between the two methods (p = 0.21).

Fat content followed a similar pattern: classical 
Soxhlet extraction returned 10.10%, while NIR 
measurements gave 10.00 ± 0.10%, with replicate 
variation again restricted to ≤0.12%. Carbohydrates 
accounted for approximately 36.0% according to 
EU Regulation 1169/2011, closely mirrored by NIR 
at 36.25 ± 0.20%, with replicate results differing by 
less than 0.15%.

Sugars, however, showed a small but significant 
discrepancy. The School method determined a mean 

of 8.40%, whereas NIR consistently overestimated 
values, averaging 8.65 ± 0.15%. Although the 
difference was statistically significant (p < 0.05), 
the triplicate NIR determinations showed good 
consistency, with intra-sample variability under 0.2%. 
Ash content was stable across methods, with 1.90% 
obtained gravimetrically and 1.85 ± 0.05% by NIR 
(p = 0.33).

Dietary fiber showed a notable difference: the 
classical method measured 3.00%, while NIR 
significantly underestimated the content at 2.20 ± 
0.35% (p = 0.01), indicating caution when using 
NIR for fiber determination. In contrast, dry matter 
was consistent across methods, with 49.00% 
determined classically and 49.10 ± 0.50% by NIR 
(p = 0.52), reflecting reliable performance of NIR for 
this parameter.

Table 1: Comparison of classical and NIR determinations for burgers (mean ± SD, 
%; n=4 types, 10 samples/type, 3 replicates/sample for NIR).

Parameter	 Classical Method	 NIR (mean ± SD)	 p-value

Protein (%)	 9.20	 9.35 ± 0.08	 0.21
Fat (%)	 10.10	 10.00 ± 0.10	 0.47
Carbohydrates (%)	 36.00	 36.25 ± 0.20	 0.18
Sugars (%)	 8.40	 8.65* ± 0.15	 0.04
Ash (%)	 1.90	 1.85 ± 0.05	 0.33
Dietary Fiber (%)	 3.00	 2.20* ± 0.35	 0.01
Dry Matter (%)	 49.00	 49.10 ± 0.50	 0.52

* = significant (p < 0.05); 

Nutritional Composition of Pizzas
For pizzas, classical reference methods revealed 
higher protein and carbohydrate contents compared 
to burgers (Table 2). Protein levels reached 12.00% 
by the Kjeldahl method, while NIR estimated slightly 
higher values at 12.25 ± 0.12%. Triplicate NIR 
analyses for each sample displayed a standard 
deviation of approximately 0.10%, confirming high 
repeatability. The difference between classical and 
NIR was statistically significant (p = 0.03).

Fat contents were more balanced: 9.10% by Soxhlet 
extraction versus 8.90 ± 0.15% by NIR (p = 0.12), 
with replicate values differing by less than 0.15%. 
Carbohydrates dominated the pizza composition, 

with 37.40% obtained classically and 37.55 ± 0.25% 
by NIR. Variability across the three determinations 
remained below 0.2%, and the difference was not 
significant (p = 0.29).

Sugars presented the most evident divergence. 
The School method indicated 4.10%, while NIR 
underestimated with 3.80 ± 0.20%. The triplicate 
measurements were consistent (SD ≈ 0.18%), yet 
the mean difference was highly significant (p = 0.01). 
Ash content showed a similar trend, with 2.50% 
classically and 2.60 ± 0.08% by NIR, with replicate 
variability under 0.1% but a significant difference 
at p = 0.04.
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Dietary fiber was also underestimated by NIR, with 
2.60% measured classically versus 2.10 ± 0.25% 
by NIR, showing a significant difference (p = 0.02). 
In contrast, dry matter was consistent between 

methods, with 57.50% determined classically and 
57.30 ± 0.40% by NIR (p = 0.40), reflecting reliable 
NIR performance for this parameter.

Table 2: Comparison of classical and NIR determinations for pizzas (mean ± SD, 
%; n=13 types, 3 replicates/sample for NIR).

Parameter	 Classical Method	 NIR (mean ± SD)	 p-value

Protein (%)	 12.00	 12.25* ± 0.12	 0.03
Fat (%)	 9.10	 8.90 ± 0.15	 0.12
Carbohydrates (%)	 37.40	 37.55 ± 0.25	 0.29
Sugars (%)	 4.10	 3.80* ± 0.20	 0.01
Ash (%)	 2.50	 2.60* ± 0.08	 0.04
Dietary Fiber (%)	 2.60	 2.10* ± 0.25	 0.02
Dry Matter (%)	 57.50	 57.30 ± 0.40	 0.40

* = significant (p < 0.05).

Discussion
In the present study, reproducibility was assessed 
on four burger types (ten units per type, each 
analyzed in triplicate) and thirteen pizza types (each 
analyzed in triplicate), using FT-NIR spectroscopy. 
This experimental design generated a robust 
dataset for evaluating variability both within and 
across samples. The exceptionally low variability 
observed in our NIR measurements, standard 
deviations generally below 0.2 % across triplicate 
scans, reflects strong repeatability, which is the 
agreement between successive measurements 
under identical conditions. This consistency aligns 
with broader NIR literature, where averaging multiple 
spectra is known to improve model stability and 
predictive precision.20,21 Such reliability reaffirms 
NIR’s suitability for routine screening workflows in 
fast-food quality control.

Our findings show that protein and fat levels in 
burgers and pizzas were closely matched between 
classical methods (Kjeldahl for protein, Soxhlet for 
fat) and NIR spectroscopy, with only minor deviations 
(Figure 2a, 2b). In pizzas, a slight overestimation 
was observed for protein (+0.25 %), whereas fat 
values remained essentially unchanged between 
methods. This agreement highlights the suitability of 
NIR for quantifying macronutrients that are present 
in relatively high concentrations and exhibit strong, 
distinct absorption features in the near-infrared 

region. The performance of NIR is particularly robust 
for fat, where predictive accuracy is consistently 
reported to reach correlation coefficients of 
0.98–0.99 in complex food matrices.22,23 Protein 
predictions, while generally less precise due to 
overlapping bands with water and carbohydrates, 
still fall within acceptable tolerances for industrial 
applications, typically achieving R² values above 
0.90.11 In the present study, the variation between 
methods remained below 0.3 %, reinforcing the 
reliability of NIR for rapid nutritional profiling in fast-
food products.

The comparison also emphasizes critical differences 
in workflow efficiency. Classical methods, while 
considered reference standards, are laborious, time 
consuming, and destructive: The Kjeldahl procedure 
requires extensive digestion, distillation, and titration 
steps, often taking 6–8 hours per batch of samples, 
while Soxhlet extraction for fat analysis can require 
4–6 hours per run with large volumes of organic 
solvents.24 These approaches provide high accuracy 
but demand significant laboratory infrastructure, 
trained personnel, and strict adherence to ISO 
protocols. In contrast, NIR spectroscopy is a rapid, 
non-destructive technique that requires minimal or 
no sample preparation. It can generate results within 
minutes, enabling high throughput screening of 
large numbers of samples and significantly reducing 
both operational costs and labor demands. This 
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makes NIR particularly advantageous for real-time 
monitoring and quality control in food production, 
where speed and efficiency are critical without 
compromising predictive accuracy.9,25 Nevertheless, 
NIR does not fully replace classical methods. Its 
calibration models must be built and validated 
against reference data, and accuracy can be 

influenced by sample heterogeneity, matrix effects, 
and spectral overlap. For this reason, NIR is often 
positioned as a complementary technique, ideal for 
routine monitoring, while classical methods remain 
indispensable for regulatory compliance and official 
labeling.26

a

b

Fig. 1: Relative agreement of NIR spectroscopy with classical reference methods for burgers 
(a) and pizzas (b). Classical values were set as baseline (100%), and NIR predictions are 

expressed as percentages of these reference values. Significant differences were observed 
for sugars (*p < 0.05) and dietary fiber (*p < 0.05) in burgers and for proteins (*p < 0.05), ash 

(*p < 0.05), dietary fiber (*p < 0.05) and sugars (*p < 0.05) in pizzas.
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Regarding the carbohydrate content, estimations 
obtained via NIR spectroscopy showed strong 
agreement with those obtained by classical 
calculations according to EU Regulation 1169/2011 
(Figure 2a,2b). The differences between methods 
were slight and statistically non-significant, confirming  
that NIR models are highly effective in predicting bulk 
carbohydrate fractions in complex food matrices. 
This performance is consistent with previous 
studies, which have reported that NIR spectroscopy 
reliably captures total carbohydrate composition in 
agricultural products such as cereals, fruits, and 
dairy based products, where overlapping vibrational 
bands of C–H, O–H, and N–H groups provide 
sufficient spectral information.27-29

A key strength of NIR in carbohydrate analysis is its 
ability to use multi-component regression models 
to capture the combined spectral contributions of 
starches, oligosaccharides, and dietary fiber. These 
models can account for matrix variability, which 
explains the robustness of NIR predictions observed 
in our dataset. For instance, in both burgers and 
pizzas, the variation between classical and NIR 
values remained below 0.2 %, which falls within the 
analytical tolerance typically accepted in industrial 
food screening. However, the technique also 
presents limitations when finer compositional details 
are required. Distinguishing between starch, dietary 
fiber, and specific sugar fractions remains challenging 
because of strong spectral overlap in the 1400–2400 
nm region.11 As highlighted in earlier work,26 NIR 
alone cannot fully resolve individual carbohydrate 
components without advanced calibration and 
chemo-metric techniques, such as partial least 
squares regression combined with variable selection 
algorithms. Furthermore, heterogeneity in processed 
foods, particularly in pizzas with varied toppings 
and crust compositions, can introduce localized 
scattering effects that slightly reduce prediction 
precision. Despite these challenges, the advantages 
of NIR over classical approaches are notable. The 
conventional calculation of carbohydrate content 
by difference, while standardized and accepted for 
labeling purposes, can propagate errors from other 
determinations (protein, fat, moisture, and ash) 
and is not a direct measurement of carbohydrates. 
By contrast, NIR provides a rapid, non-destructive, 
and direct spectral estimate of total carbohydrates 
in under two minutes per sample, with no need for 

chemical reagents or labor-intensive steps. This 
rapid throughput makes it particularly appealing 
for food industry applications where timely quality 
control decisions are critical.

Sugars demonstrated the most pronounced 
discrepancies in our analysis. NIR slightly overesti- 
mated sugar content in burgers (+0.25 %,  
p < 0.05) and significantly underestimated it in 
pizzas (–0.30 %, p < 0.05). These results are 
in line with previous reports indicating that the 
predictive accuracy of NIR spectroscopy decreases 
when applied to minor constituents embedded 
in heterogeneous food matrices. The difficulties 
in sugar determination arise primarily from the 
overlapping of absorption bands with water and 
starch in the 1400–2400 nm region, which reduces 
the specificity of sugar-related signals.26,30,31 Moisture  
interference further complicates the analysis, 
particularly in pizza doughs where variable 
hydration masks subtle spectral differences, while 
spatial heterogeneity created by crust, sauce, and 
toppings introduces additional scattering effects and 
contributes to variability in the readings.32

The discrepancies observed in dietary fiber 
quantification highlight an important limitation of NIR  
spectroscopy. Unlike protein or fat, dietary fiber 
represents a chemically complex and heterogeneous 
fraction, often defined operationally rather than 
chemically. Classical methods, such as enzymatic 
gravimetric approaches standardized by AOAC—
directly measure non digestible polysaccharides 
and lignin. In contrast, NIR detects functional 
group vibrations, which may overlap with signals 
from starches, sugars, or moisture, leading to 
weaker calibration models for fiber. Literature 
consistently reports that dietary fiber is among the 
most challenging components to predict accurately 
with NIR, especially in composite or processed 
food matrices like pizzas and burgers.33,34 The 
pronounced underestimation in both burgers, and 
pizzas (-26.7% and –19.2% relative deviation) 
confirms that NIR requires more targeted calibrations 
or hybrid chemo-metric  approaches to achieve 
reliable fiber predictions.

In contrast, dry matter exhibited excellent agreement 
between classical and NIR methods. This outcome 
is expected, as dry matter essentially reflects water 
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content, which strongly absorbs in the NIR region 
due to overtone and combination bands of O–H 
stretching. Consequently, moisture and dry matter 
predictions are among the most robust and widely 
validated applications of NIR in food analysis.35 
Our findings support this consensus: deviations 
remained below 0.3% in both burgers and pizzas, 
with standard deviations under 0.5%, confirming 
NIR’s reliability for moisture related determinations 
in fast food matrices.

These challenges are not unique to fast-food 
products. Similar inconsistencies have been 
described in studies on granulated and lump sugars, 
where non-uniform noise patterns and background 
interferences were shown to compromise spectral 
reproducibility.36 Reviews of carbohydrate analysis 
confirm that, while NIR models can reliably 
estimate total carbohydrate content, they struggle 
to resolve individual components such as mono 
and disaccharides without extensive calibration 
and chemo metric refinement. In order to address 
these limitations, researchers have highlighted 
the need for broader calibration datasets that 
capture the full variability of target matrices. 
Preprocessing techniques such as standard normal  
variate transformation and derivative filtering have 
been shown to reduce baseline drift and correct 
scattering artifacts, thereby improving partial 
least squares regression models applied to sugar 
prediction. Recent developments in machine 
learning, including neural network approaches and 
active learning frameworks, offer further potential 
to enhance prediction accuracy by focusing on 
the most informative spectral regions.37-39 Taken 
together, the discrepancies we observed for sugars 
underline a central limitation of NIR spectroscopy. 
While the technique performs exceptionally well 
for bulk macronutrients such as protein, fat, and  
total carbohydrates, its reliability for sugars remains 
conditional on matrix complexity, moisture variability, 
and model calibration strategies. For routine 
industrial applications, this suggests that NIR is best  
deployed as a rapid screening tool, while confirmatory 
sugar determinations in regulatory contexts continue 
to rely on standardized wet-chemistry methods.

Although the differences in ash content between 
classical and NIR determinations were modest, 
ranging between 0.1 and 0.2 %, they were statistically  

significant in pizzas (p < 0.05). This finding reflects 
a broader consensus in the literature that NIR 
spectroscopy is inherently limited in detecting 
minerals and inorganic compounds, since these 
do not exhibit strong fundamental absorptions in 
the near-infrared region.11,40 Instead, the NIR signal 
associated with ash is often indirect, captured 
through correlations with organic matter that 
covaries with mineral content.41 As a result, while NIR  
can provide indicative estimates for minerals, it 
cannot replace the precision of classical gravimetric 
methods, which remain the gold standard for labeling 
and regulatory compliance. In fast-food matrices 
where mineral fortification or variability is relevant, 
relying exclusively on NIR would risk under or over 
estimation, reinforcing the importance of hybrid 
analytical approaches.

The broader implications of these results for the 
food industry are significant. NIR spectroscopy 
offers a rapid, non-destructive, and cost efficient 
alternative to classical wet chemistry, enabling 
routine nutritional profiling with minimal sample 
preparation. Its particular strength lies in the 
accurate quantification of major macronutrients 
such as proteins, fats, and carbohydrates, where 
our study found strong correlations with classical 
methods. This performance is consistent with prior 
findings in dairy, meat, and cereal products, where 
NIR has been validated as a robust tool for quality 
monitoring.27-29 For industrial fast food chains, the 
ability to screen large numbers of samples quickly 
can improve supply chain consistency and facilitate 
compliance with nutritional labeling regulations.

Nonetheless, limitations persist for constituents 
such as sugars and ash, where NIR predictions 
were less reliable. In practice, this suggests that a 
tiered approach may be optimal: NIR for routine, high 
throughput screening of bulk nutrients, supplemented 
by confirmatory wet chemistry for components that 
are present in smaller concentrations or are more 
variable. Such integration could balance efficiency 
with analytical rigor, reducing overall costs while 
maintaining compliance with EU Regulation 
1169/2011 and comparable standards elsewhere.

A critical limitation of the present study is the 
relatively narrow sample base, comprising four 
burger types and thirteen pizza varieties, each tested 
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in triplicate. While sufficient to demonstrate proof 
of concept, this dataset does not capture the full 
variability inherent in fast-food formulations across 
different brands, production sites, or seasonal raw 
materials. Literature consistently emphasizes that 
the robustness of NIR calibration models depends 
heavily on the diversity of the training set; models 
constructed on restricted datasets tend to perform 
poorly when applied to external samples.42,43 

Expanding the calibration database to include wider 
ranges of ingredients, processing conditions, and 
geographical origins will be crucial for translating 
NIR into industry wide monitoring tools.

Future research should also focus on refining chemo 
metric strategies to improve predictive performance 
for difficult analyses. Approaches such as active 
learning, automated selection of informative spectral 
intervals, and advanced machine learning algorithms 
like neural networks and ensemble methods are 
increasingly being applied to food spectroscopy.44 

These techniques reduce the need for exhaustive 
calibration while enhancing accuracy for minor 
constituents. In addition, hybrid systems combining 
NIR with complementary modalities such as  
mid infrared or hyperspectral imaging have shown 
promise in resolving compositional complexities in 
multi-component foods.45 Such developments could 
eventually allow for the reliable quantification of sugars,  
minerals, and other challenging parameters directly 
within industrial settings, broadening the scope of 
NIR beyond its current macronutrient focus.

Conclusion
This study demonstrated that NIR spectroscopy 
provides high reproducibility and strong agreement 
with classical methods for determining protein, fat, 
and carbohydrate content in fast food products. 
However, sugars and ash showed significant 
deviations (p < 0.05), indicating that conventional 
analysis remains necessary for these components. 
By evaluating two representative product categories, 
burgers and pizzas, and observing consistent 
performance patterns across both, our results suggest  
that these findings may be extended to other fast-
food matrices. Overall, NIR emerges as a rapid,  
non-destructive tool with strong potential for industry  
wide nutritional screening, particularly when 
complemented by targeted classical methods for  
constituents where predictive accuracy is limited. Its 

implementation could enable fast-food manufacturers 
to perform routine quality control more efficiently, 
reduce analysis costs, and facilitate real time 
monitoring of nutritional composition across large 
production batches.
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