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	 ABSTRACT 
	










	
Contamination of milk with pesticide residues such as chlorpyrifos poses serious public health concerns, necessitating highly sensitive analytical tools for effective monitoring. Raman spectroscopy offers a non-invasive and practical detection method; however, conventional full-spectrum or broad-region analyses often fail to reliably detect low-level residues due to spectral overlap and matrix interference. This study demonstrates that surface-enhanced Raman spectroscopy, combined with chemometric techniques (ANOVA and PCA), can establish a selective molecular fingerprint for chlorpyrifos, enabling accurate detection even at concentrations below the maximum residue limit (MRL) of 0.01 ppm. Spectra were acquired from both pesticide-free milk and samples spiked at various chlorpyrifos concentrations. ANOVA identified statistically significant spectral differences at 342, 572, 634, 736, 1378, and 1568 cm−1, with the greatest variance observed in the 314–750 cm−1 range. PCA revealed that the 314–354 cm−1 band, centered at 342 cm−1 and corresponding to the C–Cl stretching mode unique to chlorpyrifos, served as the most reliable molecular fingerprint. This band was absent in the milk matrix, allowing clear differentiation across contamination levels. These findings support a targeted fingerprinting strategy that minimizes spectral interference and enhances sensitivity for trace-level detection, offering a rapid, robust, and cost-effective tool for pesticide monitoring in milk. The method holds promise for broader application in food safety surveillance and regulatory compliance.
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1. Introduction

Chlorpyrifos, a chlorinated organophosphorus pesticide, is widely used in developing countries for pest management, including the control of livestock parasites such as ticks [1], [2]. Its environmental persistence, governed by factors such as pH and temperature, results in a reported half-life of 10–120 days [3], [4] which contributes to its bioaccumulation in ecosystems and potential transfer to animal-derived food products. In particular, when used as an acaricide, chlorpyrifos tends to accumulate in adipose tissues and subsequently migrate into milk because of its lipophilicity [5]. Additional contamination pathways include the direct spraying of animal shelters and ingestion of contaminated feed or water [6]. As such, milk is a critical vector for chlorpyrifos exposure among consumers, raising substantial public health concerns about food safety given the compound’s well-documented health risks [5], [7].

In recognition of these risks, the European Union has established a stringent maximum residue limit (MRL) of 0.01 ppm for chlorpyrifos in milk [8]. However, several studies have reported chlorpyrifos concentrations exceeding this regulatory threshold in milk. For instance, Adum et al. [1] used high-performance liquid chromatography (HPLC) to quantify chlorpyrifos in milk at concentrations ranging from 1 to 2.854 ppm. Dasriya et al. [9] employed gas chromatography-tandem mass spectrometry (GC-MS/MS) and detected levels as low as 0.00347 ppm, whereas Dallegrave et al. [10] reported values as high as 0.0457 ppm using a similar analytical technique. Shaker and Elsharkawy [11] found an average concentration of 3.01 ppm using gas chromatography-mass spectrometry (GC-MS). These findings underscore the widespread presence of chlorpyrifos in dairy products and the need for sensitive detection methods.

Although wet chemistry techniques such as HPLC, GC-MS/MS, and GC-MS are considered the gold standards for pesticide residue analysis due to their high sensitivity and reliability, they have significant limitations. These include destructive and complex sample preparation, long processing times, high labor costs, and the need for a specialized laboratory infrastructure [12]. Such constraints limit their suitability for large-scale, on-site, or field-based testing, particularly in resource-limited settings [13].

In contrast, vibrational spectroscopy, particularly Raman spectroscopy, offers a promising non-destructive, cost-effective, and rapid approach for the analysis of chemical residues, with the added advantage of high molecular specificity based on a compound’s unique vibrational fingerprint [14]. Unlike infrared spectroscopy, Raman scattering is largely unaffected by the water content in biological matrices and typically requires minimal or no sample preparation [15]–[17]. Nevertheless, Raman signals are inherently weak [18], with only one in every 108 incident photons undergoing inelastic scattering [19]. To address this limitation, surface-enhanced Raman spectroscopy (SERS) has been developed to, enable the detection of analytes at trace levels [20], [21]. However, traditional SERS methods require costly and complex nanoparticle synthesis and additional sample preparation, making them less ideal for routine applications in resource-constrained settings [22]. Further, Raman spectra from complex biological matrices such as milk are difficult to interpret due to overlapping bands associated with various biomolecular components [23]–[25]. These challenges highlight the need for chemometric tools that support spectral preprocessing, feature extraction, and statistical discrimination of subtle variations between related sample classes [16], [24], [26].

Milk is a complex matrix composed of proteins, fats, and lactose, and yields intricate Raman spectra owing to the distinct molecular vibrational modes of each constituent [27]. These components give rise to multiple overlapping bands that complicate interpretation, especially when extrinsic compounds such as pesticides introduce additional vibrational features. Hence, identifying a unique molecular fingerprint of chlorpyrifos in milk is essential for reliable and targeted detection. Molecular fingerprinting involves identifying characteristic vibrational bands that reflect the structure and bonding environment of a molecule [28]. While the conventional Raman fingerprint region typically lies below 1500 cm−1, in this study, “molecular fingerprint” refers to the most distinct chlorpyrifos-associated band that allows unambiguous identification. Isolating such a band requires the identification of chlorpyrifos-specific spectral features that differentiate spiked samples from uncontaminated ones. Although Raman spectroscopy has not previously been applied to directly detect chlorpyrifos in milk, it has been used with chemometrics to detect the compound in fruits and vegetables [29], [30]. However, these earlier studies often relied on broad spectral regions, which included non-specific features, reducing the detection performance at low chlorpyrifos concentrations.

This study demonstrates the application of chemometric techniques, that is, analysis of variance (ANOVA) and principal component analysis (PCA), to Raman spectra to identify a specific chlorpyrifos fingerprint in milk, a representative complex biological matrix. We show that targeted band selection improves sensitivity and specificity compared to full-spectrum or broad-region analytical approaches, particularly at concentrations near the MRL of 0.01 ppm. The proposed strategy offers a rapid, analytically robust, and cost-effective method for detecting chlorpyrifos in milk, thereby addressing a critical gap in the current pesticide monitoring practices.

2. Materials and Methods

2.1. Sample Preparation and Raman Data Acquisition

A commercial-grade formulation comprising 50% chlorpyrifos and 50% inert constituents, including surfactants, solvents, and stabilizers, was obtained from a local retail outlet. Fresh, chemical-free milk was sourced from a nomadic pastoralist community in a remote village in Kenya, where livestock exclusively graze on native vegetation without exposure to commercial feed, agrochemicals, or veterinary pesticides. These communities largely do not practice crop farming and avoid the use of synthetic agricultural inputs, thereby minimizing the common environmental pathways for pesticide contamination. Based on this unique ecological and cultural context, the milk used in this study was deemed a suitable pesticide-free matrix for the controlled spiking experiments. After collection, the milk was immediately transported to the laboratory under controlled conditions in clean, sterilized, and sealed glass bottles to prevent contamination. To reduce potential spectral interference, the milk underwent microfiltration through a 1.4 µm membrane to remove particulate matter and large molecules such as fat globules and protein aggregates [31], [32]. The filtered milk was divided into two groups: a control group and a treatment group. The treatment group was spiked with commercial-grade chlorpyrifos at concentrations of 0.003 ppm (below MRL), 0.01 ppm (MRL), and 0.03 ppm (above MRL). An additional sample containing a high concentration of 1000 ppm chlorpyrifos was prepared to amplify the spectral differences between the control and treated groups.

Aliquots of 50 µL were deposited onto aluminum-wrapped glass slide substrates to enhance signal reflectivity and spectral stability. Aluminum foil was selected as a cost-effective SERS substrate because of its accessibility, affordability, and capacity to enhance Raman signals [33]. Compared with nanoparticle-based substrates, aluminum provides consistent signal amplification with minimal background interference [34], [35]. Raman spectra were acquired using a portable Raman spectrometer (EZRaman-NP-785, Enwave Optronics, Inc.) equipped with a 785 nm excitation laser operating at 300 mW power. The system had a spectral range of 200–2000 cm−1 and resolution of 1.290 cm−1. Calibration was performed using a polystyrene reference standard. Before analysis, the spectra of 50% chlorpyrifos and a blank aluminum-wrapped glass slide substrate were collected for comparison and background subtraction, respectively. For each milk sample, spectral data were recorded at 20 randomly selected locations. Each point was acquired with an integration time of 10 s, boxcar width of 1, and averaged over 10 consecutive scans. The total acquisition time for a single spectrum was approximately two minutes.

2.2. Spectral Data Preprocessing and Analysis

Baseline correction was performed automatically using a Raman spectrometer during the acquisition. This procedure involved fitting a least-squares line to each region, subtracting it from the signal, and aligning the baseline to near zero, effectively minimizing the broad fluorescence background. Following the acquisition, the raw spectra were subjected to a series of preprocessing steps, including third-order Savitzky-Golay smoothing, multiplicative scatter correction (MSC), and min-max normalization to a range between one and zero [36], [37]. To identify the spectral regions exhibiting the greatest variance attributable to chlorpyrifos, one-way ANOVA [38] was applied to the preprocessed spectra from the control group and 1000 ppm chlorpyrifos-spiked group. For each Raman shift, the variance (σ2) was calculated based on the intensity differences between the two groups, using the following expression:

σ2=1N−1∑i=1N(Di−D¯)2

where Di is the difference between the treated and control spectral intensities at a given Raman shift, D¯ is the mean difference at that shift, and N is the number of samples per group. This measure reflects the spread of between-group differences in spectral intensity, with larger values indicating higher variability attributable to chlorpyrifos. To assess statistical significance, these computed variances were incorporated into an ANOVA framework that evaluates the ratio of between-group variance (SB2) to within-group variance (Sw2), expressed by the F-statistic:

F=SB2SW2

The within-group variance was obtained by calculating the individual variances within each group for each Raman shift. An F-test was then performed at each shift to assess relative spectral variance between groups using a p-value threshold of 0.05 to determine statistical significance. Spectral intervals showing significant between-group variance were considered to have potential discriminatory power and subsequently used to guide the selection of key spectral bands for further chemometric analysis.

Statistically significant intervals identified through ANOVA were then used to guide dimensionality reduction via PCA, allowing for exploratory analysis and visualization of spectral differences among sample groups. PCA was performed on both the full spectral range and the regions of interest identified through ANOVA. Principal components were selected based on their contribution to the total explained variance, with the first two components retained for interpretation, as they captured the majority of meaningful spectral variation. PC3 was excluded from further analysis because it accounted for only a marginal proportion of additional variance. All statistical analyses were conducted using the open-source R statistical environment [39], with PCA implemented using the Chemospec package [40].

3. Results and Discussion

3.1. Spectra of Control and Chlorpyrifos-Spiked Milk

Fig. 1 shows the average Raman spectra for the control sample and milk spiked with chlorpyrifos at three levels: below the MRL (0.003 ppm), at the MRL (0.01 ppm), and above the MRL (0.03 ppm). Notably, the spectra of the control and low-concentration groups were visually similar in terms of overall band structure and relative intensities. Across all the samples, Raman bands were observed within the spectral range of 354–1742 cm−1. This overlap limits the visual discrimination between groups and highlights the need for multivariate statistical analyses.
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Fig. 1: Plot showing the common bands in the average spectra of the control sample (chlorpyrifos-free milk) and samples spiked with chlorpyrifos at 0.003 ppm (below MRL), 0.01 ppm (MRL), and 0.03 ppm (above MRL).

The Raman bands and their molecular assignments are summarized in Table I. In addition to carbon and hydrogen, natural cow milk contains several heteroatoms. Nitrogen is mainly present in protein-associated amide groups [27], [41], whereas phosphorus is found in phospholipids [42], [43]. Sulfur is present in amino acids such as cysteine and methionine [44]–[46], and oxygen is abundant in the ester functional groups of fatty acids [43], [47]. These constituents contribute to the complex vibrational modes that form the Raman spectrum of milk.
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3.2. ANOVA of Spectra from Control and 1000 ppm Spiked Groups

The one-way ANOVA results revealed distinct spectral regions where the variance between the control and 1000 ppm spiked samples was statistically significant. Fig. 2a presents the mean spectra of the control and 1000 ppm chlorpyrifos-spiked milk samples, along with their calculated variance across the full spectral range. Notably, several regions exhibited elevated variances corresponding to chlorpyrifos-associated bands. A reference spectrum of 50% chlorpyrifos was included to confirm that the observed differences originated from chlorpyrifos and not the inert formulation components.
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Fig. 2: (a) ANOVA plot showing the bands with significant variance between control and 1000 ppm samples, with the 50% chlorpyrifos reference for comparison (b) Chemical structure of Chlorpyrifos showing its bond and atom arrangement (inset).

Bands with variance above a 30% threshold were considered significant and are marked as striped regions 1–6 in Fig. 2a. Centered at 342, 572, 634, 736, 1378, and 1568 cm−1, these bands showed substantial differences between the control and chlorpyrifos-treated samples, making them potential chlorpyrifos marker bands. To ensure that these spectral features corresponded to chlorpyrifos rather than the inactive ingredients in the commercial pesticide, we cross-referenced them with previously reported Raman studies. The alignment of these bands with the established literature values supports their reliability as characteristic chlorpyrifos signatures.

The chemical structure of chlorpyrifos, illustrated in Fig. 2b, enables the tentative assignment of these bands to specific vibrational modes of the functional groups within the molecule. The Raman band centered at 342 cm−1, consistent with previous studies on chlorpyrifos and related organochlorines, corresponds to C–Cl stretching vibrations [22], [29], [50]–[54]. Similarly, the bands at 572 cm−1 and 634 cm−1, attributable to ν(P=S) vibrations, have been reported across multiple pesticide-related Raman investigations [29], [51]–[53], [55]–[59]. The band at 736 cm−1 is assigned to P–O–C vibrations, which is consistent with previous spectral interpretations [30], [57]. Additionally, a band near 1378 cm−1, reported in related studies [53], [57], [59], [60], is associated with antisymmetric C=C stretching. Finally, the band observed at 1568 cm−1 aligns with prior findings [53], [56], [57], [59], [60], and is attributed to C–H wagging vibrations. The agreement of these spectral features with the established literature supports their assignment to chlorpyrifos rather than to inactive formulation components.

Among the identified bands, the most pronounced spectral differences were observed within the 314–750 cm−1 region, which included bands 1–4. This region showed the highest statistical significance in variance analysis and contained new, well-isolated bands that were absent in the control spectra. The strong spectral contrast within this range, corroborated by both statistical analysis and reference spectra, identified it as the region of interest (ROI) for subsequent analyses targeting chlorpyrifos detection.

3.3. PCA of Control, High Concentration, and Low Concentration Groups

While ANOVA was effective in identifying potential marker bands that distinguished between control and chlorpyrifos-treated samples, PCA was applied to further assess the discriminatory power of the ROI, especially at chlorpyrifos concentrations near the MRL. PCA also enabled evaluation of whether a single Raman band within the ROI could reliably distinguish milk samples with trace-level chlorpyrifos contamination.

Fig. 3 shows the PCA results derived from the ROI. The scores plot (Fig. 3a) demonstrates that the ROI facilitates effective separation between the control and 1000 ppm chlorpyrifos-treated samples. The first two PCs (PC1 and PC2) together accounted for over 98% of the total spectral variance, indicating that most of the meaningful variation associated with chlorpyrifos contamination was captured within these components. The corresponding loading plot (Fig. 3b) highlights the specific wavenumber intervals that contributed most significantly to the observed group separation along PC1. These include: (1) 314–354, (2) 558–584, (3) 618–658, and (4) 720–750 cm−1. These intervals closely corresponded to the bands previously identified through ANOVA, thereby reinforcing their significance as potential marker bands for chlorpyrifos detection in milk.
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Fig. 3: (a) PCA scores plot and (b) loadings plot for control milk and milk spiked with 1000 ppm chlorpyrifos, based on the ROI (314–750 cm−1).

While the ROI performs well for high 1000 ppm concentration, practical food safety assessments often focus on detecting low residue levels near the regulatory threshold of 0.01 ppm. Therefore, PCA was applied to assess whether the ROI could reliably differentiate samples at concentrations below the MRL (0.003 ppm), MRL (0.01 ppm), and above MRL (0.03 ppm). To establish a comparative baseline and highlight the advantages of targeted detection using spectral fingerprints, PCA was performed on both the entire spectral range (200–2000 cm−1) and the ROI (314–750 cm−1). The results, presented in Fig. 4, illustrate the relative effectiveness of each approach in discriminating low-concentration chlorpyrifos contamination.
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Fig. 4: PCA of Raman spectra for chlorpyrifos-spiked milk samples. (a) PCA score plot based on the entire spectral range (200–2000 cm−1), illustrating the challenge of separating low-concentration groups. (b) PCA score plot based on the ROI (314–750 cm−1), showing improved but still limited group separation. Corresponding PCA loadings plots for (c) the entire spectral range and (d) the ROI.

Fig. 4a presents the PCA scores plot based on the full Raman spectral range (200–2000 cm−1), where PC1 and PC2 explain a cumulative variance of over 86%, with PC1 accounting for 80% of the total variance and PC2 contributing an additional 6%. Despite the high level of explained variance, the three groups were not distinctly separated, as evidenced by the substantial overlap between the score clusters. This outcome suggests that a significant portion of the captured variance arises from non-informative fluctuations, which are likely attributable to background signals and variability inherent in the milk matrix. The corresponding loading plot (Fig. 4c) supports this interpretation, showing a broad distribution of loading values across the entire spectrum, with no dominant spectral region clearly driving the group differentiation. This diffuse variance pattern indicates that irrelevant spectral fluctuations likely arising from the milk matrix itself exert a stronger influence on the PCA outcome than chlorpyrifos-specific features of interest.

In contrast, Fig. 4b shows improved separation when PCA was applied to the ROI (314–750 cm−1), particularly between the above MRL (0.03 ppm) and MRL (0.01 ppm) groups. Although the first two PCs in this analysis explain a lower cumulative variance (53%, with PC1 contributing 38% and PC2 contributing 15%), this variance is more analytically relevant because it reflects features associated with chlorpyrifos rather than the matrix background. Some overlap persisted between the below-MRL group (0.003 ppm) and other groups, indicating the challenge of discriminating trace-level contamination and the potential need for additional refinement. The corresponding loading plot (Fig. 4d) confirmed that specific spectral bands within the ROI were responsible for the observed group separation. The most influential wavenumber ranges identified by pronounced positive or negative loadings include 314–354 cm−1, 558–584 cm−1, 618–658 cm−1, and 720–750 cm−1. These intervals aligned with those identified through both ANOVA and earlier PCA (Fig. 3b), reinforcing their reliability as marker bands for chlorpyrifos detection.

While PC3 was also evaluated in both analyses, it contributed only to a marginal increase in explained variance (2% for the full spectrum and 4% for the ROI) and did not enhance group separation. These additional components are likely to reflect residual noise rather than informative variations. Consequently, the first two PCs were deemed sufficient to capture the spectral variation most relevant to chlorpyrifos concentration, while maintaining model interpretability and avoiding overfitting.

To further optimize the group differentiation, PCA was independently applied to each of the four spectral bands within the ROI. For the control and 1000 ppm chlorpyrifos-treated groups, the evaluation criteria included the percentage of variance explained by PC1 and rate of spectral mis-classification. In contrast, for the low-concentration samples (0.003, 0.01, and 0.03 ppm), band performance was assessed using three criteria: variance explained by PC1, cumulative variance of the first two PCs, and degree of visual separation observed in the PCA score plots.

Visual separation was qualitatively classified into three categories: clear (distinct, non-overlapping clusters representing different groups), poor (substantial cluster overlap, making distinction difficult), and no separation (complete mixing of groups with no discernible boundaries). For all four bands, PC1 accounted for more than 83% of the total spectral variance, and in the case of the control and 1000 ppm groups, all spectra were correctly classified based on the presence or absence of chlorpyrifos. These results support the suitability of all four spectral regions as candidate molecular fingerprints for the detection of chlorpyrifos in milk. A detailed summary of the PCA performance across the control, high-concentration, and low-concentration groups is provided in Table II.
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Among the spectral bands examined, the 314–354 cm−1 region demonstrated the strongest discriminatory performance. When comparing the control and 1000 ppm chlorpyrifos-treated samples, this band yielded the highest variance along PC1, accounting for 88% of the total spectral variance. The low-concentration samples also exhibited the greatest variance along PC1 (64%) and the highest cumulative variance across the first two PCs (83%), as shown in Fig. 5. These cumulative variance values surpassed those of the other candidate bands: 558–584 cm−1 (65%), 618–658 cm−1 (52%), and 720–750 cm−1 (82%). Notably, the 314–354 cm−1 band effectively differentiated between the below-MRL, MRL, and above-MRL sample groups, forming distinct clusters in the PCA scores plots. In contrast, the remaining bands resulted in a substantial overlap between groups, limiting their utility for classification at trace contamination levels. These findings highlight the 314–354 cm−1 band as the most promising spectral fingerprint for the reliable, concentration-sensitive detection of chlorpyrifos in milk.
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Fig. 5: PCA scores plot showing the precise discrimination of below MRL, MRL, and above MRL samples using the fingerprint (314–354 cm−1band).

The superior performance of this band is attributed to the vibrational mode associated with the C–Cl bond, which is a structural feature unique to chlorpyrifos. This chemically distinct bond generates a well-defined Raman signal within the identified fingerprint region, thereby enhancing variance and enabling effective differentiation across varying contamination levels. As illustrated in Fig. 5, PC1 effectively captured the concentration gradient of chlorpyrifos across the samples with increasing concentrations from left to right along the PC1 axis. Samples spiked below the MRL (0.003 ppm) cluster on the negative side of PC1, those spiked above the MRL (0.03 ppm) cluster on the positive side, and samples at the MRL (0.01 ppm) lie between the two. This spatial arrangement confirms that the 314–354 cm−1 band enables stratified classification based on the chlorpyrifos content.

To further validate these findings, an alternative approach was employed that focused on low-concentration samples (below the MRL, MRL, and above MRL). Spectral bands exhibiting significant variance across the entire Raman range, as identified by the ANOVA, were analyzed. These regions included: (1) 314–354, (2) 558–584, (3) 618–658, (4) 720–750, (5) 1362–1396, and (6) 1550–1584 cm−1 (see Fig. 2a). The PCA results for the first four bands are consistent with those obtained from the initial ROI analysis. However, the inclusion of additional bands (1362–1396 and 1550–1584 cm−1), which emerged only in the full-spectrum ANOVA, did not improve group separation at low chlorpyrifos concentrations, as evidenced by the results summarized in Table II. Based on its consistently high variance, strong group differentiation, and performance across multiple validation approaches, the 314–354 cm−1 band was identified as the most precise spectral discriminator. Therefore, this band qualifies as a molecular fingerprint of chlorpyrifos in the context of milk contamination detection.

3.4. Comparison with Previous Studies

Our approach to the detection of chlorpyrifos residues in milk represents a significant departure from earlier studies that employed Raman spectroscopy in conjunction with chemometric methods. Prior research has primarily relied on full-spectrum analysis or broad spectral regions, which often incorporate non-specific features unrelated to the analyte of interest. This inclusion of irrelevant spectral variations can compromise the detection accuracy, particularly at trace concentrations. In contrast, our method systematically identified and validated the most informative Raman bands of chlorpyrifos, enabling precise differentiation, even at low concentrations.

For example, Du et al. [29] applied Raman spectroscopy combined with random forest regression to detect chlorpyrifos on pear surfaces, using the full spectral range of 200–800 cm−1. While their model achieved a high coefficient of determination (R2 = 0.9003) for the training set, its performance declined for the test set (R2 = 0.8495), indicating reduced generalization accuracy. This study also reported spectral interference from natural fruit components, which complicated the identification and quantification of chlorpyrifos. Moreover, the model struggled to detect concentrations as high as 0.09 g/kg (90 ppm), underscoring the limitations of broad-spectrum approaches in capturing relevant chemical signals.

Similarly, Tao et al. [30] employed SERS to detect pesticide residues on tomato peels, targeting two narrow spectral regions (580–630 cm−1 and 660–690 cm−1). However, their study did not comprehensively examine the full Raman spectrum, potentially overlooking additional marker bands that are critical for robust chlorpyrifos detection. Their reported detection limit of 80 ng/cm2 (0.08 ppm) exceeded the MRL, suggesting the limited sensitivity of the method at regulatory thresholds. Chen et al. [55] explored pesticide detection on fruit surfaces using SERS coupled with deep learning algorithms. The spectral analysis was confined to two broad regions: 500–700 cm−1 and 950–1300 cm−1. This broad spectral coverage introduced substantial overlap among vibrational features; for instance, the chlorpyrifos-associated band at 609 cm−1 coincided with signals from other chemical residues, reducing detection specificity. Although the lowest reported detection limit for chlorpyrifos was 2.1 × 10−4 mg/cm2 (0.189 ppm), this value remained well above the regulatory threshold of 0.01 ppm, again highlighting the challenges of non-targeted spectral strategies.

Collectively, these studies demonstrate the inherent difficulties associated with full-spectrum or limited-range spectral analyses, either owing to spectral overlap or the omission of critical vibrational information. By contrast, our study adopted a systematic approach that initially evaluated the entire Raman spectrum and then isolated the most discriminative fingerprint bands. This targeted strategy substantially reduced the spectral interference and enabled the successful detection of chlorpyrifos residues below the MRL (0.01 ppm). By refining spectral analysis and focusing on the most chemically specific vibrational feature, our method offers a more accurate, reliable, and selective framework for pesticide residue detection in complex biological matrices such as milk. Furthermore, unlike previous studies that relied on pure analytical-grade standards, which are often expensive and inaccessible in resource-limited settings, our approach demonstrated that commercially available pesticide formulations, when validated against established spectral references, offer a reliable and cost-effective alternative for molecular identification. This strategy not only reduces operational costs but also enhances the scalability of Raman spectroscopy for routine pesticide residue analysis.

4. Conclusion

This study demonstrates the effectiveness of Raman spectroscopy coupled with chemometric techniques for rapid and accurate detection of low-level chlorpyrifos residues in milk. Through the application of one-way ANOVA, we identified key Raman bands exhibiting statistically significant variance between the control and treated samples, specifically those centered at 342, 572, 634, 736, 1378, and 1568 cm−1. The results showed that reliance on the full spectral range introduces non-specific features, that can obscure low-concentration chlorpyrifos signals. This limitation highlights the importance of precise molecular fingerprinting for enhancing detection specificity and analytical robustness. Among the identified spectral bands, the Raman band at 314–354 cm−1 emerged as the most reliable molecular fingerprint for chlorpyrifos. This band, attributed to the C–Cl stretching vibrations unique to the chlorpyrifos molecule, consistently enabled discrimination across contamination levels, including samples below the MRL (0.01 ppm). PCA further confirmed its effectiveness, with spiked samples forming distinct clusters according to the contamination level, thereby validating the band’s suitability for trace-level detection. These findings support a targeted spectral analysis framework that minimizes interference and improves the detection accuracy for pesticide residues in complex biological matrices. Future work should explore the integration of machine learning techniques to develop classification and regression models based on the identified fingerprint band. Moreover, expanding the molecular fingerprint library to include additional organophosphorus pesticides would broaden the scope of this method for comprehensive food safety surveillance. Real-world validation across a range of food matrices, including processed dairy products, fruits, and vegetables, is essential for assessing the practical utility and generalizability of the approach.
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TABLE I: ATTRIBUTION OF RAMAN BANDS FROM MILK

Band position (cm~1) Assignment Component Reference
354 & 444 C-C Lactose [27]
516 Glucose Lactose [48]
644 Tyrosine Protein [23]
724 v(C-S) Protein [48]
872 phospholipids Fat [43]
1080 v(C-C) Lactose [27]
1120 v(C-C) Fat [49]
1264 Amide 111 Protein [27]
1300 8(CH,) twisting Fat [46]
1362 Tryptophan Protein [23]
1440 8(CHy) scissoring Fat [43]
1652 v(C=C) Fat [43]
1742 v(C=0) Fat [27]
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TABLE II: PCA RESULTS FOR CONTROL AND HIGH-CONCENTRATION GROUPS AS WELL AS THE BELow MRL, MRL, AND ABOVE
MRL, USING THE BANDS CONSTITUTING THE ROI AND THOSE OBTAINED FROM ANOVA

ROI ROI & ANOVA-identified bands
Control and 1000 ppm groups Low concentration groups
Band (cm™!) Explained No. of spectra Explained variance (%) Quality of visual
variance PC1 (%)  wrongly grouped separation
PC1 Cumulative

1 314-354 88 0 64 83 Clear separation
2 558-584 86 0 37 65 No separation
3 618-658 86 0 32 52 Poor separation
4 720-750 83 0 57 82 No separation
5 1362-1396 - - 45 78 No separation
6 1550-1584 - - 59 76 No separation

Note: Separation types are defined as clear (distinct, non-overlapping clusters), poor (substantial overlap with limited
distinction), and no separation (complete mixing with no discernible boundaries).
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