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ABSTRACT
Background: Chronic kidney disease (CKD) poses a major public health burden.
Diabetes mellitus (DM) is one of the major causes of CKD. In patients with DM, it
can be difficult to differentiate diabetic kidney disease (DKD) from other causes of
glomerular damage; it should not be assumed that all DM patients with decreased
eGFR and/or proteinuria have DKD. Renal biopsy is the standard for definitive
diagnosis, but other less invasive methods may provide clinical benefit. As previously
reported, Raman spectroscopy of CKD patient urine with statistical and
chemometric modeling may provide a novel, non-invasive methodology for
discriminating between renal pathologies.
Methods: Urine samples were collected from renal biopsied and non-biopsied
patients presenting with CKD secondary to DM and non-diabetic kidney disease.
Samples were analyzed by Raman spectroscopy, baselined with the ISREA algorithm,
and subjected to chemometric modeling. Leave-one-out cross-validation was used to
assess the predictive capabilities of the model.
Results: This proof-of-concept study consisted of 263 samples, including renal
biopsied, non-biopsied diabetic and non-diabetic CKD patients, healthy volunteers,
and the SurineTM urinalysis control. Urine samples of DKD patients and those with
immune-mediated nephropathy (IMN) were distinguished from one another with
82% sensitivity, specificity, positive-predictive value (PPV), and negative-predictive
value (NPV). Among urine samples from all biopsied CKD patients, renal neoplasia
was identified in urine with 100% sensitivity, specificity, PPV, and NPV, and
membranous nephropathy was identified with 66.7% sensitivity, 96.4% specificity,
80.0% PPV, and 93.1% NPV. Finally, DKD was identified among a population of 150
patient urine samples containing biopsy-confirmed DKD, other biopsy-confirmed
glomerular pathologies, un-biopsied non-diabetic CKD patients (no DKD), healthy
volunteers, and SurineTM with 36.4% sensitivity, 97.8% specificity, 57.1% PPV, and
95.1% NPV. The model was used to screen un-biopsied diabetic CKD patients and
identified DKD in more than 8% of this population. IMN in diabetic patients was
identified among a similarly sized and diverse population with 83.3% sensitivity,
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97.7% specificity, 62.5% PPV, and 99.2% NPV. Finally, IMN in non-diabetic patients
was identified with 50.0% sensitivity, 99.4% specificity, 75.0% PPV, and 98.3% NPV.
Conclusions: Raman spectroscopy of urine with chemometric analysis may be able
to differentiate between DKD, IMN, and other glomerular diseases. Future work will
further characterize CKD stages and glomerular pathology, while assessing and
controlling for differences in factors such as comorbidities, disease severity, and other
lab parameters.

Subjects Diabetes and Endocrinology, Nephrology, Translational Medicine, Data Mining and
Machine Learning
Keywords Raman spectroscopy, Chronic kidney disease, Diabetesmellitus, Diabetic kidney disease,
Chemometric analysis, Immune mediated kidney disease, Discriminant analysis, Urine

INTRODUCTION
It is estimated that the prevalence of chronic kidney disease (CKD) in the United States
(US) is approximately 14.9% and represents a significant financial burden. In 2018,
Medicare expenditures for patients with CKD without end stage renal disease (ESRD)
exceeded $81 billion and expenditures for patients with ESRD rose above $49 billion
(USRDS, 2021). Nearly 40% of diabetic patients ultimately develop renal disease, and
diabetic kidney disease (DKD) is the leading cause of ESRD in the US (Piccoli et al., 2015;
Thomas et al., 2015; Erdogmus et al., 2017; Krolewski et al., 2017; Centers for Disease
Control and Prevention (CDC), 2020).

Renal biopsy-diagnosed DKD and diabetic nephropathy (DN) are terms commonly
used to describe dysfunction of the kidneys as a result of the diabetic disease process
(Santoro et al., 2021). Evidence of hyperfiltration, proteinuria, and diffuse glomerular
disease with glomerular basement thickening, mesangial cell expansion, accumulation of
advanced glycosylation end products (AGEs), and Kimmelstiel-Wilson nodular lesions are
hallmarks of DKD. A clinical diagnosis of DKD is commonly made based on history,
physical examination, and abnormal laboratory findings (i.e., decreased effective
glomerular filtration rate (eGFR) and proteinuria). Renal biopsy is considered the gold
standard for detecting glomerular pathology associated with DKD. However, biopsy may
often be deferred in diabetes mellitus (DM) patients with no other clinical findings (e.g.,
hematuria) suggestive of other types of glomerular disease, and with longstanding DM
with proteinuria, and the presence of disseminated microvascular disease (e.g., diabetic
retinopathy). Renal biopsy is commonly deferred due to expense, availability of skilled
physicians or technical staff able to perform and interpret renal biopsies, and risks
including bleeding, development of arterio-venous fistulae, infection, and very rarely, the
need for embolization and/or nephrectomy to control bleeding (Madaio, 1990; Stratta
et al., 2007; Kitterer et al., 2015).

The usual treatment for management of DKD includes optimal blood glucose and blood
pressure control, as well as blocking of the renin angiotensin system (RAS) with
angiotensin converting enzyme inhibitors (ACEI), receptor blockers (ACE-RB), and
aldosterone antagonists (Lim, 2014). However, DM patients can also develop or may
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initially have glomerular diseases other than DKD, including IgA nephropathy, lupus
nephritis, minimal change disease, focal sclerosis, and/or membranous nephropathy.
These nephropathies may have similar clinical presentations but require different
treatment options, including steroids and immunosuppression. Therefore, renal biopsy
becomes necessary for specific diagnosis (Zhou et al., 2008; Moura-Neto & Ronco, 2021).

Routine histopathologic evaluation of renal biopsies with differential staining
(hematoxyin-eosin, periodic acid-Schiff reagent) is generally sufficient for making a
diagnosis of DKD.More recently, other advanced techniques have been employed, including
proteomic investigations of renal biopsy tissue, laser capture microdissection followed by
liquid chromatography, and mass spectroscopy on formalin-fixed tissue sections (Satoskar
et al., 2012; Hobeika et al., 2017). Pathologic glomerular remodeling and dysfunction may
allow unique proteins to pass into the urine (Haas, 2018). Results from gel electrophoresis
and mass spectroscopy studies have suggested that characterization of the urine proteome
and identification of some specific urine biomarkers can be used to determine the cause and
severity of glomerular disease (Varghese et al., 2007; Santucci et al., 2013).

Raman spectroscopy and surface enhanced Raman scattering (SERS) have been used in
the analysis of biological fluids, including blood (Berger et al., 1999; Enejder et al., 2002),
urine (Premasiri, Clarke & Womble, 2001; Moreira et al., 2017), saliva (Virkler & Lednev,
2010; Hardy et al., 2022), and others with clinical applications (Panikar et al., 2021).
Recently, Raman spectroscopy was used to analyze the spectral differences of urine
composition from healthy subjects and from patients with advanced kidney disease,
including CKD 4/5 and ESRD (Senger et al., 2020; Chen et al., 2020b, 2020a; Gulyamov
et al., 2021; Kami�nska et al., 2022). These studies found that chemometric analysis of urine
Raman spectral data detected molecular ‘fingerprints’ associated with advanced kidney
disease (Senger et al., 2019, 2020; Chen et al., 2020b).

Raman spectroscopy was developed as a tool used to investigate the interactions of
radiation with matter; it detects the inelastic scattering of light (vibrational/deformational
energy) by molecular bonds. Raman spectrometers detect this change and visualize it as a
peak on a spectrum that is characteristic of each molecule (Ember et al., 2017; Shen, Hu &
Min, 2019; Cialla-May, Schmitt & Popp, 2019). Chemometric and multivariate statistical
analyses of Raman spectra have been used to characterize cellular phenotypes, identify
pathogens, and detect the presence of disease (Lussier et al., 2020; Senger & Scherr, 2020).
Rametrix� is a multi-component computational platform that combines several statistical
modeling tools to perform chemometric analyses of Raman spectral datasets (Fisher et al.,
2018; Senger & Robertson, 2020).

In this study, we investigated the use of Raman spectroscopy and Rametrix�

chemometric analyses on urine from patients with DM- and non-DM-associated CKD in
order to evaluate the potential use of this methodology as a non-invasive tool for
differentiating those with DKD from other glomerular diseases. We hypothesized that
analysis of patient urine by Raman spectroscopy and Rametrix� would be able to
distinguish DKD from immune-mediate nephropathy (IMN) with a low misclassification
rate (<5%) on samples cross-validated through leave-one-out-analysis. We also
hypothesized that Rametrix� would differentiate urine of patients with DKD from those
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with other glomerular diseases, DM, healthy volunteers, and the urinalysis standard
SurineTM with sensitivity/specificity that exceeded random chance assignments. We believe
that the use of these non-invasive chemometric urinalysis procedures could potentially
reduce the need for invasive procedures such as renal biopsy.

MATERIALS AND METHODS
Research design
This study was conducted with the approval of the Salem Veterans Affairs Health Care
System (SVAHCS) Institutional Review Board, under IRB protocol DCD0014. All patients
provided informed written consent and then voluntarily produced a voided urine sample
(minimum of 25 mL) for analysis. All patients were enrolled as subjects in the Program to
Improve Chronic Kidney Education and Outcomes (PICKEDOUT) study, a pragmatic
trial aimed at studying the effects of renal disease and interventional dietary education on
patient outcomes such as eGFR.

Study population
Inclusion criteria included patients of the PICKEDOUT study who submitted a urine
sample for analysis by Raman spectroscopy in the last 5 years (n = 263), including those
patients who had a renal biopsy at the SVAHCS showing proven kidney disease (n = 34).
Although part of the PICKEDOUT study, these patients did not undergo any education or
diet randomization and provided only a single baseline urine sample. The patient
population at SVAHCS is predominantly elderly (dataset mean age = 68; median age = 70)
and male (dataset 92.4% male). This dataset included urine spectra from un-biopsied
SVAHCS patients in the PICKEDOUT study: 161 patients with DM (classified as “DM+”)
and 65 patients without DM (DM−). In addition, a subset of 25 samples from a published
dataset containing urine Raman spectra from healthy volunteers (Senger et al., 2019)
(median age 21 and 19% male) were used in this study. The subset was chosen because the
same spectrometer used to analyze these samples was used with SVAHCS patients in this
study. In addition, 22 samples of synthetic urinalysis standard SurineTM were also included
in this study. SurineTM samples were scanned at the same time as patient samples
throughout the duration of the study.

Sample preparation and storage
Urine samples were kept frozen in standard collection cups at −70 �C for up to 28 days,
until analyzed. For analysis by Raman spectroscopy, urine samples were thawed to room
temperature (25 �C) and transferred to 2 mL borosilicate glass vials (0.78 mm glass
thickness) (Thermo Fisher Scientific, Waltham, MA, USA). A previous study has shown
this procedure preserves Raman spectral integrity (Huttanus et al., 2020).

Raman spectroscopy
Samples were analyzed in bulk liquid phase using an Agiltron (Woburn, MA, USA)
PeakSeeker PRO-785 Raman spectrometer equipped with liquid sample holder. Raman
scans were conducted using a 785 nm laser with 30 mW laser power, 8 cm−1 spectral
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resolution, 0.2 mm laser spot size, 200–2,400 cm−1 Raman shift range, and 30 s excitation
time. Ten (10) replicate scans were obtained per sample. Spectra were collected and
processed with RSIQ software (Agiltron, Woburn, MA, USA). A urine analytical standard,
SurineTM (DynaTek, Lenexa, KS, USA), was also scanned as a system and computational
control. SurineTM is synthetic urine that has been employed as a control in prior
RametrixTM studies (Senger et al., 2019, 2020; Huttanus et al., 2020).

Chemometric analysis of Raman spectra
Raman spectra were analyzed by chemometric methods involving principal component
analysis (PCA) and discriminant analysis of principal components (DAPC) as described
previously (Lever, Krzywinski & Altman, 2017; Fisher et al., 2018; Senger & Robertson,
2020; Senger et al., 2020; Lussier et al., 2020; Huttanus et al., 2020; Senger & Scherr, 2020).
Calculations were performed in MATLAB R2018a (MathWorks, Natick, MA, USA) with
the Statistics and Machine Learning, Bioinformatics, Rametrix� LITE v1.0, and Rametrix�

PRO v1.0 Toolboxes. The Rametrix� toolboxes are shared publicly through GitHub
(Fisher et al., 2018; Senger & Robertson, 2020). First, raw spectra were processed by
averaging scan replicates, truncating to a Raman shift range of 400–1,800 cm−1, baselining,
and vector normalization. Averaging scan replicates during these pre-processing steps
ensured urine samples were only represented once in the datasets used for statistical
modeling. Spectral baselining was performed with the ISREA algorithm (Xu et al., 2021).
ISREA connects cubic splines at “nodes” (or “knots”) located along spectra to form the
spectral baseline. Eight or fewer nodes were used in this study, and their locations were
varied based on the analysis being performed. Processed spectra were then subjected to
PCA and the top principal components (PCs) representing 99% of the dataset variance
were used in multivariate analysis of variance (MANOVA) and DAPC (also referred to as
“PCADA” and “PCA-DA” elsewhere) to cluster samples according to a specified factor
(e.g., disease state). The criterion to use the number of PCs representing 99% of dataset
variance was derived from prior studies (Senger & Robertson, 2020; Huttanus et al., 2020).
DAPC models were validated by leave-one-out cross-validation where all samples were
left-out of one model-build and their classification predicted. Model predictions were then
used to calculate prediction metrics of accuracy, sensitivity, positive-predictive value
(PPV), and negative-predictive value (NPV) (Trevethan, 2017). Following cluster analysis,
PC and DAPC loadings were used to determine which Raman shifts contributed most to
cluster separations. These Raman shifts (i.e., bands) were evaluated using spectral
databases of biological molecules (Movasaghi, Rehman & Rehman, 2007; Talari et al.,
2015) to suggest molecular differences between samples.

RESULTS
Patients and samples
Information regarding subjects such as age, sex, clinically relevant laboratory information
such as effective glomerular filtration rate, proteinuria, and renal biopsy results were
obtained through review of electronic medical records by SVAHCS staff. The datasets were
compiled as shown in Table 1. Thirty-four (34) patients had biopsy-confirmed renal
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pathology, of which 12 were identified to have DKD, 12 to have IMN, and one with both
DKD and IMN (Table 1). The specific pathologies associated with the 11 IMN samples
included: membranous lupus nephritis (two samples), IgA nephropathy with mesangial
hypercellularity (one sample) (overlapping with DKD), IgA nephropathy (two samples),
crescentic ANCA (antineutrophil cytoplasmic antibody) glomerulonephritis (one sample),
focal necrotizing glomerulonephritis (myeloperoxidase (MPO)-ANCA) (two samples),
evidence of immune-mediated glomerulonephritis (one sample), proliferative
glomerulonephritis (one sample), focal segmental necrotizing proliferative
glomerulonephritis (one sample), and immune complex glomerulopathy (one sample).
In addition, other biopsied patients were also found to have membranous nephropathy
(MN), renal neoplasia (RN), and other pathologies (OT). The similar MN pathologies were
described as: membranous nephropathy (two samples), membranous
glomerulonephropathy (two samples), and membranous glomerulonephritis (two samples).
The RN pathologies included: clear cell renal carcinoma (two samples) (one sample
overlapping with DKD) and urothelial carcinoma (one sample). The pathologies classified
as “Other (OT)” in Table 1 included: transplant glomerulopathy (one sample) and other
non-specific forms of glomerulopathy (three samples).

Processed Raman spectra
Processed urine Raman spectra for the 34 biopsied patients, 161 un-biopsied nephrology
patients with diabetes mellitus (DM+), 65 un-biopsied non-diabetic nephrology patients
(DM−), 25 healthy volunteers, and 22 spectra of the urinalysis standard SurineTM, all
obtained at different days/times throughout the study, are shown in Fig. 1. For this
analysis, the Raman spectra were baselined with ISREA, using five nodes located at 400,

Table 1 Summary of patient and urine specimen classifications used in this study.

Description Classification Number of samples Source of data

Patients with biopsy confirmed diabetic nephropathy (DKD) DKD 12 This study

Patients with immune-mediated nephropathy (IMN) IMN 12 This study

Patients with DM and no biopsy DM+ 161 This study

Patients without DM and no biopsy DM− 65 This study

DKD patients with IMN DKD/IMN 1 This study

DKD patients with other varying pathologies DKD/OT 3 This study

DKD patients with no other pathologies DKD/NO 9 This study

IMN patients that are DM+ IMN/DM+ 6 This study

IMN patients that are DM− IMN/DM− 6 This study

Patients with membranous nephrology (cause unspecified) MN 6 This study

Renal neoplasia RN 3 This study

Other varying pathologies OT 4 This study

Pathologies with no DM PATH 9 This study

Healthy volunteers HEALTHY 25 Huttanus et al. (2020)

SurineTM urinalysis control SURINE 22 This study
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950, 1,100, 1,475, and 1,800 cm−1. Grey shaded regions of Raman spectra plots are
indicative of variability observed for the samples analyzed in different Raman shift regions.
These are also indicative of urine molecular composition heterogeneity among patients
under the given classification (i.e., disease).

SurineTM urinalysis analytical control spectra were used to confirm proper calibration
and operation of the spectrometer throughout the duration of the study. As shown in Fig. 1,
the 22 spectra of SurineTM collected over the 52 weeks of sample collection showed the least
amount of variation among all classification groups studied. This also confirms that
differences observed between classes and within the same class are due to differences in
spectral characteristics and not artifacts of spectrometer operation or measurement. Other
classifications showing low intra-class variability were the RN and OT classes. These classes
contained three and four samples respectively, and their average spectra resembled one
another. Another source of inter- and intra-class variance was observed in the relatively
strong band at 1,002 cm−1, which is associated with urea in urine studies (Senger et al., 2019,
2020). Visual inspection of the spectra in Fig. 1 identified regions of difference between
disease classes, such as between 700–950, 1,000–1,200, 1,250–1,450, 1,500–1,750 cm−1 and
combinations of these. Of particular interest is the region of 400–800 cm−1 for un-biopsied
patients with DM+ and those with DKD. Spectral bands in this region appeared to be
minimized as DM+ progressed to DKD. This, and other relationships not apparent through
visual inspection, were found with chemometric analyses described below. The ISREA
baselining procedure with different node sets enabled focusing on specific regions of
spectra while omitting variance arising from non-specific Raman shift regions.
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Figure 1 Processed Raman spectra of urine from patients of different disease classes, healthy
volunteers, and SurineTM. Spectra were averaged, truncated (400–1,800 cm−1), and baselined with
ISREA. Grey shading represents the range of Raman signal observed at each Raman shift.

Full-size DOI: 10.7717/peerj.14879/fig-1
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Analysis 1: identifying differences between DKD and IMN
As shown in Fig. 1, spectral differences exist between urine spectra of patient with DKD
and IMN. DAPC models were built using these spectra (11 of each), omitting the one
patient with both DKD and IMN. To best separate DKD and IMN urine spectra, ISREA
nodes at 400, 846, 944, 988, 1,031, 1,196, 1,665, and 1,800 cm−1 were used. The results of
the leave-one-out analysis reveal prediction metrics of 82% accuracy as well as 82%
sensitivity, specificity, PPV, and NPV. Nine (9) of 11 DKD samples and nine of 11 IMN
samples were predicted correctly. A cluster analysis from DAPC modeling is shown in
Fig. 2. Here, each data point represents a processed Raman spectrum of a urine sample
(including scan replicate averaging). Data points clustering near one another indicate
spectral similarity over the entire Raman spectrum. Since the entire Raman spectrum is
considered in this analysis, this is referred to as spectral (or molecular) fingerprinting.
We note that insignificant clustering was observed when using PCA only. However, PCA
was used to consolidate the dataset variance (from Raman intensity values at different
wavenumbers) into a small number of PCs. The DAPC model was constructed with
enough PCs to represent 99% of the dataset variance. In this case of this dataset, this
required the top six PCs. DAPC clustering results, shown in Fig. 2, revealed distinct cluster

Figure 2 Fingerprinting analysis of DKD and IMN urine samples by DAPC. Samples marked by
asterisk (�) signify mis-classifications by the model. Full-size DOI: 10.7717/peerj.14879/fig-2
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regions for DKD and IMN, with an “Uncertain” region consisting of an overlap of data
points. This produced six canonicals in DAPC (i.e., axes in Fig. 2). Where ~80% of the
samples clustered along Canonical 1, the uncertain region was resolved with other
canonicals. Next, the PC and DAPC loadings were analyzed to determine which Raman
shifts led to cluster separations. Detailed results (Table S1 and PC and DAPC loadings
plots Figs. S1 and S2) are given in the Supplemental Appendix. In summary, major Raman
band contributors to both PCA and DAPC cluster separations between DKD and IMN
samples included: carbohydrates (specifically glucose) (898, 931, 1,060, 1,105 cm−1);
collagen, protein, and amide III (890, 1,004, 1,007, 1,237, 1,242, 1,318 cm−1); urea
(1,002 cm−1); phosphatidylinositol (776 cm−1); and nucleic acids (826, 1,055, 1,078,
1,318 cm−1).

Analysis 2: distinguishing among all glomerular diseases
simultaneously
The patient samples assigned to classes DKD, IMN, MN, RN, and OT (Table 1) were used
in chemometric modeling to determine if they could be distinguished from one another
through Raman analysis of urine. ISREA nodes of 400, 433, 666, 722, 764, 1,469, 1,479, and
1,800 cm−1 were used for spectra baselining. With the five separate classes mentioned
above, the random chance accuracy of correct prediction is 20%. The resulting overall
prediction accuracy was 46.9%, meaning the DAPC model out-performed random chance
assignments. For all individual classes (DKD, IMN, MN, RN, and Other), the sensitivity,
specificity, PPV, and NPV values ranged between 40–100% (random chance = 20% here as
well). All prediction metrics and actual class predictions for all samples are given in
Tables S2 and S3 in the Supplemental Appendix. DAPC fingerprinting plots for this
analysis are given in Fig. 3. Here, the separation between DKD and IMN is still apparent
but is confounded by the presence of other glomerular diseases. Starting with Canonical 1
(Fig. 3A), both RN and MN were separated from each other and remaining clusters.
The DKD, IMN, and Other samples did not separate along Canonical 1 and were included
in an “Uncertain” region. This Uncertain region was analyzed along Canonical 2 in Fig. 3B.
Here, separation was observed between DKD and IMN, and a new Uncertain region
contained 75% of the OT samples, and ~20% of the DKD and IMN samples. These samples
were separated along additional canonicals.

Analysis 3: finding one disease class among all glomerular diseases
Next, a “positive/negative” analysis was conducted among the glomerular disease classes
(DKD, IMN, MN, RN, OT). When analyzing a specific class, the dataset was divided into
two subclasses, one containing the disease of interest (i.e., “positive”) and the others
samples comprising other diseases (i.e., “negative”). The OT class was not used as a
“positive” case because it contains multiple samples with non-specific pathologies, but it
was included in the “negative” subclass of glomerular diseases. The DAPC chemometric
approach was applied to this scenario, and ISREA nodes were designed for each disease
class. Here, the random chance accuracy of correct prediction was 50% (positive/negative).
However, this value is also bound by scenarios in which all positive or all negative
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predictions are returned. In this scenario, the number of positive samples in the dataset is
significant. For example, in a dataset with four positive samples and 16 negative samples
that returns all negative predictions, the accuracy would be 16/20 = 80%. Likewise, if all
positive predictions were returned, this would lead to 4/20 = 20%. Thus, the random
chance accuracy is represented here as 50% [20, 80], with the numbers in brackets
representing these all-negative and all-positive prediction scenarios. For the hypothetical
case described, significant prediction accuracies were considered those >80%. Prediction
metrics from leave-one-out cross-validation and the ISREA nodes used for each disease
class are given in Table 2. All glomerular disease classes produced a prediction accuracy
that exceeded the random-chance accuracy corrected for its prevalence in the dataset.

Analysis 4: detecting DKD among a larger population
The approach in Analysis 3 was repeated for DKD, but the negative (i.e., “non-DKD”)
subclass consisted of the un-biopsied DM− class, the HEALTHY class samples, IMN
samples, the PATH class samples (DM−), and SURINE class samples (Table 1). Since the
DM+ and DM− classes are un-biopsied, only the DM− class was included as “non-DKD”
because it is highly possible that some of the DM+ class would classify as DKD if biopsied.
This produced a total dataset size of 150 samples, with only 11 classifying as DKD. Note,
the sample with both DKD and IMN was left-out of the analysis. Thus, the random-chance
accuracy for this dataset was 50% [7.3, 92.7]. The actual prediction accuracy was found to
be 93.3%, exceeding that for the case of all-negative predictions (92.7%) (Table 3). While
the sensitivity of this analysis (36.4%) was less than that obtained when screening against
glomerular diseases only (75.0%), the PPV and NPV values of the two analyses differed by

Figure 3 DAPC fingerprinting for resolving glomerular disease Raman urine spectra. (A) Separation
of RN and MN along Canonical 1, and (B) resolution of DKD and IMN along Canonical 2. The uncertain
region containing DKD, IMN, and other samples were resolved along additional canonicals. Samples
marked by asterisk (�) signify mis-classifications by the model.

Full-size DOI: 10.7717/peerj.14879/fig-3
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~10%. Based on calculations from this dataset, the NPV suggests that 95.1% of patients
who would screen negative for DKD by Raman spectroscopy of urine and Rametrix�

analysis would also go on to be found negative for DKD if biopsied.

Analysis 5: how many un-biopsied patients with DM would screen
positive for DKD?
The urine Raman spectroscopy and Rametrix� model from Analysis 4 was used to screen
the un-biopsied diabetic patients for the presence of DKD. It was found that 13 of 156
(8.33%) un-biopsied diabetic patients screened positive for DKD with this model.

Analysis 6: detecting IMN with/without DM among larger populations
An analysis similar to Analysis 4 was performed with the goal of detecting IMN. To do this,
the IMN samples were divided into two classes (i) those without DM (IMN/DM−) and (ii)
those with DM (IMN/DM+). Next, the IMN/DM- class (six samples) was screened against a
larger population containing the DKD, DKD/OT, and DM+ classes (Table 1).
No un-biopsied DM- class samples were included since some may be assigned to the IMN/
DM− class if biopsied. The total dataset contained 181 samples, with six IMN/DM− samples
labeled “positive” and the remainder “negative”. This produced the random chance
prediction accuracy of 50% [0.033, 96.7]. Cross-validated prediction results are also shown
in Table 4, and a prediction accuracy of 98.4%was achieved, including correct prediction for
three of six IMN/DM− samples (50.0% sensitivity). Next, the IMN/DM+ class (six samples)
was screened against a larger population containing the following classes: HEALTY,

Table 2 ISREA nodes and prediction metrics for detecting one disease among a population of five glomerular diseases (DKD, IMN, MN, RN,
OT).

Glomerular disease
class

ISREA nodes (cm−1) Random-chance
accuracy*

Prediction
accuracy

Sensitivity Specificity PPV NPV

DKD 400, 917, 940, 1,058, 1,558, 1,800 50% [35.3, 64.7] 76.5% 75.0% 77.2% 64.3% 85.0%

IMN 400, 510, 1,121, 1,488, 1,618, 1,623, 1,704,
1,800

50% [35.3, 64.7] 82.4% 83.3% 81.8% 71.4% 90.0%

MN 400, 463, 1,460, 1,483, 1,508, 1,681, 1,800 50% [17.7, 82.3] 91.2% 66.7% 96.4% 80.0% 93.1%

RN 400, 1,202, 1,232, 1,271, 1,323, 1,516,
1,717, 1,800

50% [8.8, 91.2] 100% 100% 100% 100% 100%

Note:
* The values in brackets [ ] represent the calculated accuracies if either all positive or all negative predictions were returned.

Table 3 Prediction metrics for a dataset containing 11 DKD samples among a population also containing other glomerular diseases, healthy
volunteers, SurineTM, and un-biopsied DM-patients.

Number of DKD samples
included

Total dataset size
(Samples)

Random-chance
accuracy

Prediction
accuracy

Positive*

samples predicted
correctly
(Sensitivity)

Negative**

samples predicted
correctly
(Specificity)

PPV NPV

11 150 50% [7.3, 92.7] 93.3% 4/11 = 36.4% 136/139 = 97.8% 57.1% 95.1%

Note:
* Positive samples here are those with DKD.
** Negative samples are those without DKD.
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SURINE, PATH, and DM− (Table 1). No un-biopsied DM+ samples were included in the
dataset. With IMN/DM+ class samples labeled as “positive” and the remaining “negative”,
the random chance prediction accuracy was 50% [0.045, 95.5]. Actual cross-validation
results yielded an accuracy of 97.0%, with five of six IMN/DM+ samples (83.3% sensitivity)
predicted correctly. Other prediction metrics are given in Table 4.

Analysis 7: how many un-biopsied patients would screen positive for
IMN?
The models from Analysis 6 were used to screen the un-biopsied patients for the presence
of IMN. First, the IMN/DM- model was used to screen the un-biopsied non-diabetic
patients. Of this population, 1 of 62 (1.6%) screened positive for IMN. Next, the IMN/DM
+ model was used to screen the un-biopsied diabetic patients. In this case, 20 of 156
(12.8%) screened positive for IMN.

Analysis 8: DKD with overlapping pathologies
Of the 12 DKD samples used in this study, three were overlapping with other pathologies:
IMN (one sample), segmental glomerulosclerosis (one sample), and RN (one sample). Nine
DKD samples had no overlapping pathologies and are classified as “DKD/NO” in Table 1.
An analysis was performed to determine if this DKD/NO class could be differentiated from
the “PATH” class (Table 1), which contains nine samples in the dataset with varying
glomerular pathologies but all DM−. The results are given in Table 5 under “DKD/NO vs
PATH”, and all metrics were 100%. Next, a repeat of Analysis 1 was performed where the
DKD samples with no overlapping pathologies were compared to IMN samples. It was
hypothesized that overlapping pathologies may obscure the resolution between DKD and
IMN. Results are shown in Table 5 as “DKD/NO vs IMN”. In this study, similar metrics
(within 5%) were obtained when comparing the DKD vs IMN classes in Analysis 1.

DISCUSSION
This proof-of-concept study suggests Raman spectroscopy-based chemometric analysis of
urine with Rametrix� can detect the presence of several glomerular pathologies, including
DKD, IMN, MN, and RN. In particular, this dataset collected from Veterans at the

Table 4 Prediction metrics for a dataset containing 6 IMN/DM+/− samples among a population also containing other glomerular diseases,
healthy volunteers, SurineTM, and un-biopsied DM+/− patients.

Number of IMN samples
included and class

Total dataset size
(Samples)

Random-
chance
accuracy

Prediction
accuracy

Positive* samples
predicted correctly
(Sensitivity)

Negative** samples
predicted correctly
(Specificity)

PPV NPV

6 IMN/DM− 181 50% 98.4% 3/6 = 50.0% 174/175 = 99.4% 75.0% 98.3%

[0.033, 96.7]

6 IMN/DM+ 134 50% 97.0% 5/6 = 83.3% 125/128 = 97.7% 62.5% 99.2%

[0.045, 95.5]

Notes:
* Positive samples here are those with IMN.
** Negative samples are those without IMN.
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SVAHCS allowed more thorough investigation of DKD and IMN, and specific spectral
signatures (i.e., fingerprints) for each. The Raman bands associated with the differences in
DKD and IMN fingerprints are largely associated with carbohydrates (particularly
glucose), urea, collagen, and other proteins/peptides. While these may be attributed to DM,
one half of the IMN samples were from diabetic patients (only one with DKD
comorbidity). Among DKD, IMN, MN, and RN renal pathologies, DKD proved the most
difficult to resolve among the others (76.5% accuracy), and the admittedly few RN samples
of this study were resolved with 100% accuracy (as well as sensitivity, specificity, PPV, and
NPV). Additional analyses in this study showed that DKD and IMN urine samples from
biopsied patients can, with better than random-chance accuracy, be identified from
samples of other un-biopsied CKD patients, diabetic patients who have alternative causes
for their kidney disease (as determined by biopsy), healthy volunteers, and the urinalysis
control, SurineTM. We recognize our dataset as adequately sized for a proof-of-concept
study. However, this dataset size limited our validation procedures to leave-one-out
analysis (as opposed to k-fold cross-validation) to determine how a urine sample unknown
to our models would be classified.

These findings allowed us to build a Rametrix�-based urine screening test for DKD and
IMN and apply it to the un-biopsied CKD patients enrolled in this study. Of the 156
screened un-biopsied diabetic patients, 13 (8.33%) were found to screen positive for DKD
and 20 (12.8%) were found to screen positive for IMN. Of the 62 non-diabetic CKD
patients, only 1 (1.6%) screened positive for IMN. Of a population of diabetic CKD
patients, it has been reported that about 40% will be positive for DKD if biopsied and
another 40% positive for non-DKD pathologies (Souza et al., 2020; Tong et al., 2020).
These are higher than our respective 8.33% (for DKD) and 12.8% (for IMN) results
reported here. As shown previously, Rametrix� screens can be tailored to favor high
sensitivity or specificity by adjusting the number of PCs used to build DAPC models
(Huttanus et al., 2020). Our choice of using enough PCs to represent 99% of the dataset
variance led to using six PCs or fewer in building the DAPC models of this study. This
number is not absolute and can be adjusted for future larger datasets. However, clearly, the
DKD model reported here (36.4% sensitivity, 97.8% specificity) favors specificity. This is
important as it minimizes false-positive screening tests. In the case of DKD, the goal of a
screening test is to identify only those patients in need of a confirmatory biopsy to ensure

Table 5 Prediction metrics for the DKD class without overlapping pathologies “DKD/NO” vs the PATH and IMN classes.

Disease classes and total
dataset size (Samples)

Number of
DKD/NO
samples
included

Random-
chance accuracy

Prediction
accuracy

Positive* samples
predicted correctly
(Sensitivity)

Negative** samples
predicted correctly
(Specificity)

PPV NPV

DKD/NO vs PATH
18

9 50% [50, 50] 100% 9/9 = 100% 9/9 = 100% 100% 100%

DKD/NO vs IMN
20

9 50% [42.9, 57.1] 80.0% 7/9 = 77.8% 9/11 = 81.8% 77.8% 81.8%

Notes:
* Positive samples here are those with DKD.
** Negative samples are those without DKD.
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proper treatment. A false-positive screen may subject a patient to an un-necessary and
invasive biopsy that compromises patient comfort and utilizes valuable hospital resources
and personnel. The hypothesis is that patients returning a false-negative urine screen will
test positive in future screens. Because a Raman spectroscopy-based urine screen is
inexpensive and non-invasive, it can be administered to patients regularly.

These preliminary findings, while provocative, need more extensive validation to justify
this method of ‘chemometric urinalysis’ as useful in disease discrimination and
management. The development of models with greater discriminating ability (particularly
improved sensitivity) will result from larger sample sizes and modifications to the model.
In particular, the biopsy-confirmed DKD samples used in this study were largely from
late-stage CKD patients presenting with significant proteinuria values. More diversity
among biopsied DKD samples will lead to improved sensitivity of the screening model and
identification of more DKD patients. This is also true of the other renal pathologies. Thus,
the Rametrix�-based screen could potentially be utilized as a tool to guide
decision-making regarding whether to biopsy a patient with DM and in whom there is a
suspicion of renal pathology not related to DM.

We recognize limitations of our current study included a relatively small percentage of
patients who have had renal biopsies performed (34 biopsied/263 patients = 12.9%).
In addition, the patient population of Veterans has an average age of 68 and is largely male
(92.4%). It is unclear if/how these results will translate to more diverse patient populations.
An in-depth analysis of possible confounding clinical factors (comorbidity, disease
severity, management) in the patients within the biopsy group is necessary. Since not all
patients with non-DKD pathologies on biopsy have DM, it is possible that the differences
detected between DKD and other glomerular pathology group may actually be due to the
presence of DM. Some patients with non-DKD pathologies on biopsy did have DM as
comorbidity. It will be important to characterize the Raman spectra of non-DKD
glomerular pathology in non-diabetic patients in addition to characterizing it in diabetic
patients.

Some patients in this study also had evidence of both DKD and other glomerular
diseases on biopsy. In these cases, we relied upon the pathologist’s estimation of which was
more significant and clinical thinking to determine which was the most significant
contributor to the patient’s CKD. It is possible that this limited set of ‘dual’ pathology
samples reduced the accuracy of the model and perhaps dual disease can result in unique
clustering that shares characteristics of both groups. Additionally, it remains to be seen if
the severity of renal dysfunction (e.g., decreased eGFR) between the DKD biopsy group
and non-DKD biopsy group contributed to any clustering differentiations between the
two.

We recognize that we have not determined how the management and severity of DM in
individual patients may have affected these results. The effects of day-to-day variability in
blood and urine glucose, diet, lifestyle, and efficacy of DM management require further
investigation (Senger et al., 2019).
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Our existing database of healthy volunteers is predominantly composed of younger
healthy adults and is majority female (Senger et al., 2019). This database was from first
morning voided samples of patients while the Veteran population of this study (older and
majority male), provided random samples throughout the day. Ongoing studies will need
to address this disparity, but obtaining urine specimens from healthy volunteers in a
Veterans Affairs hospital setting was found challenging.

CONCLUSIONS
In this study, we tested the hypotheses that Raman spectroscopy of urine and Rametrix�

chemometric analysis could (i) detect discernable differences in urine samples from
patients with DKD and IMN, (ii) distinguish among a variety of glomerular pathologies,
and (iii) be used as a urine screening tool among larger populations. Rametrix� was
capable of discerning among urine of patients with four different glomerular pathologies in
this study, including DKD and IMN. In the future, we intend to increase the sample size of
all groups, focusing on patients with biopsy-characterized disease. We will also include
correlation of serum creatinine levels, blood glucose, proteinuria, BUN, and eGFR with our
Raman spectroscopy results. We speculate that eGFR differences, and the presence of DM
as a comorbidity, may be significant factors in differentiating spectra.

In summary, the current study demonstrates the potential utility of Raman
spectroscopy and application of chemometric algorithms with Rametrix� for evaluating
renal pathologies in CKD patients, based on Raman spectral analysis of urine molecular
composition. Ongoing validation of these methods and technologies is underway.

ACKNOWLEDGEMENTS
We acknowledge the assistance of Manavi Bhagwat MD in patient recruitment, Quinn
OwenMD in sample processing, and Lesley McNeil and Eric Wines in patient recruitment,
and project coordination.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work was supported by Salem Research Institute (SRI) research funds for Devasmita
Choudhury. The funders had no role in study design, data collection and analysis, decision
to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
Salem Research Institute (SRI) Research Funds for Devasmita Choudhury.

Competing Interests
John L. Robertson and Ryan S. Senger co-founded DialySensors, Inc.

Kavuru et al. (2023), PeerJ, DOI 10.7717/peerj.14879 15/19

http://dx.doi.org/10.7717/peerj.14879
https://peerj.com/


Author Contributions
� Varun Kavuru conceived and designed the experiments, performed the experiments,
authored or reviewed drafts of the article, patient recruitment, and approved the final
draft.

� Ryan S. Senger analyzed the data, prepared figures and/or tables, authored or reviewed
drafts of the article, and approved the final draft.

� John L. Robertson conceived and designed the experiments, authored or reviewed drafts
of the article, and approved the final draft.

� Devasmita Choudhury conceived and designed the experiments, authored or reviewed
drafts of the article, patient recruitment; IRB documentation, and approved the final
draft.

Human Ethics
The following information was supplied relating to ethical approvals (i.e., approving body
and any reference numbers):

Salem Veterans Affairs Health Care System (SVAHCS) Institutional Review Board.

Data Availability
The following information was supplied regarding data availability:

Senger, Ryan S., Robertson, John L., Kavuru, Varun, & Choudhury, Devasmita. (2022).
Raman spectra of urine from patients with diabetes mellitus and other pathologies [Data
set]. Zenodo. https://doi.org/10.5281/zenodo.7343559.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.14879#supplemental-information.

REFERENCES
Berger AJ, Koo T-W, Itzkan I, Horowitz G, Feld MS. 1999. Multicomponent blood analysis by

near-infrared Raman spectroscopy. Applied Optics 38(13):2916–2926
DOI 10.1364/AO.38.002916.

Centers for Disease Control and Prevention (CDC). 2020. National diabetes statistics report,
2020. Available at https://www.cdc.gov/diabetes/data/statistics-report/index.html (accessed 10
May 2021).

Chen C, Yang L, Li H, Chen F, Chen C, Gao R, Lv X, Tang J. 2020a. Raman spectroscopy
combined with multiple algorithms for analysis and rapid screening of chronic renal failure.
Photodiagnosis and Photodynamic Therapy 30(8):101792 DOI 10.1016/j.pdpdt.2020.101792.

Chen C, Yang L, Zhao J, Yuan Y, Chen C, Tang J, Yang H, Yan Z, Wang H, Lv X. 2020b. Urine
Raman spectroscopy for rapid and inexpensive diagnosis of chronic renal failure (CRF) using
multiple classification algorithms. Optik 203:164043 DOI 10.1016/j.ijleo.2019.164043.

Cialla-May D, Schmitt M, Popp J. 2019. Theoretical principles of Raman spectroscopy. Physical
Sciences Reviews 4(6):557 DOI 10.1515/psr-2017-0040.

Ember KJI, Hoeve MA, McAughtrie SL, Bergholt MS, Dwyer BJ, Stevens MM, Faulds K,
Forbes SJ, Campbell CJ. 2017. Raman spectroscopy and regenerative medicine: a review. NPJ
Regenerative Medicine 2(1):12 DOI 10.1038/s41536-017-0014-3.

Kavuru et al. (2023), PeerJ, DOI 10.7717/peerj.14879 16/19

https://doi.org/10.5281/zenodo.7343559
http://dx.doi.org/10.7717/peerj.14879#supplemental-information
http://dx.doi.org/10.7717/peerj.14879#supplemental-information
http://dx.doi.org/10.1364/AO.38.002916
https://www.cdc.gov/diabetes/data/statistics-report/index.html
http://dx.doi.org/10.1016/j.pdpdt.2020.101792
http://dx.doi.org/10.1016/j.ijleo.2019.164043
http://dx.doi.org/10.1515/psr-2017-0040
http://dx.doi.org/10.1038/s41536-017-0014-3
http://dx.doi.org/10.7717/peerj.14879
https://peerj.com/


Enejder AMK, Koo T-W, Oh J, Hunter M, Sasic S, Feld MS, Horowitz GL. 2002. Blood analysis
by Raman spectroscopy. Optics Letters 27(22):2004–2006 DOI 10.1364/OL.27.002004.

Erdogmus S, Kiremitci S, Celebi ZK, Akturk S, Duman N, Ates K, Erturk S, Nergizoglu G,
Kutlay S, Sengul S, Ensari A, Keven K. 2017. Non-diabetic kidney disease in type 2 diabetic
patients: prevalence, clinical predictors and outcomes. Kidney and Blood Pressure Research
42(5):886–893 DOI 10.1159/000484538.

Fisher AK, Carswell WF, Athamneh AIM, Sullivan MC, Robertson JL, Bevan DR, Senger RS.
2018. The Rametrix TM LITE Toolbox v1.0 for MATLAB�. Journal of Raman Spectroscopy
49(5):885–896 DOI 10.1002/jrs.5348.

Gulyamov S, Shamshiddinova M, Bae W-H, Park YC, Kim HJ, Cho W-B, Lee Y-M. 2021.
Identification of biomarkers on kidney failure by Raman spectroscopy. Journal of Raman
Spectroscopy 52(10):1712–1721 DOI 10.1002/jrs.6210.

Haas M. 2018. Glomerular disease pathology in the era of proteomics: from pattern to
pathogenesis. Journal of the American Society of Nephrology 29(1):2–4
DOI 10.1681/ASN.2017080881.

Hardy M, Kelleher L, de Carvalho Gomes P, Buchan E, Chu HOM, Goldberg Oppenheimer P.
2022. Methods in Raman spectroscopy for saliva studies—a review. Applied Spectroscopy
Reviews 57(3):177–233 DOI 10.1080/05704928.2021.1969944.

Hobeika L, Barati MT, Caster DJ, McLeish KR, Merchant ML. 2017. Characterization of
glomerular extracellular matrix by proteomic analysis of laser-captured microdissected
glomeruli. Kidney International 91(2):501–511 DOI 10.1016/j.kint.2016.09.044.

Huttanus HM, Vu T, Guruli G, Tracey A, Carswell W, Said N, Du P, Parkinson BG, Orlando G,
Robertson JL, Senger RS. 2020. Raman chemometric urinalysis (Rametrix) as a screen for
bladder cancer. PLOS ONE 15(8):e0237070 DOI 10.1371/journal.pone.0237070.

Kami�nska A, Roman M, Wróbel A, Gala-Błądzi�nska A, Małecki MT, Paluszkiewicz C,
Stępie�n EŁ. 2022. Raman spectroscopy of urinary extracellular vesicles to stratify patients with
chronic kidney disease in type 2 diabetes. Nanomedicine: Nanotechnology, Biology and Medicine
39(12):102468 DOI 10.1016/j.nano.2021.102468.

Kitterer D, Gürzing K, Segerer S, Alscher MD, Amann K, Braun N, Latus J. 2015. Diagnostic
impact of percutaneous renal biopsy. Clinical Nephrology 84(12):311–322
DOI 10.5414/CN108591.

Krolewski AS, Skupien J, Rossing P, Warram JH. 2017. Fast renal decline to ESRD: an
unrecognized feature of nephropathy in diabetes. Kidney International 91(6):1300–1311
DOI 10.1016/j.kint.2016.10.046.

Lever J, Krzywinski M, Altman N. 2017. Principal component analysis. Nature Methods
14(7):641–642 DOI 10.1038/nmeth.4346.

Lim AK. 2014. Diabetic nephropathy—complications and treatment. International Journal of
Nephrology and Renovascular Disease 7:361–381 DOI 10.2147/IJNRD.

Lussier F, Thibault V, Charron B, Wallace GQ, Masson J-F. 2020. Deep learning and artificial
intelligence methods for Raman and surface-enhanced Raman scattering. TrAC Trends in
Analytical Chemistry 124:115796 DOI 10.1016/j.trac.2019.115796.

Madaio MP. 1990. Renal biopsy. Kidney International 38(3):529–543 DOI 10.1038/ki.1990.236.

Moreira LP, Silveira L, da Silva AG, Fernandes AB, Pacheco MTT, Rocco DDFM. 2017. Raman
spectroscopy applied to identify metabolites in urine of physically active subjects. Journal of
Photochemistry and Photobiology B: Biology 176:92–99 DOI 10.1016/j.jphotobiol.2017.09.019.

Moura-Neto JA, Ronco C. 2021. The RALES legacy and finerenone use on CKD patients. Clinical
Journal of the American Society of Nephrology 16(9):1432–1434 DOI 10.2215/CJN.02150221.

Kavuru et al. (2023), PeerJ, DOI 10.7717/peerj.14879 17/19

http://dx.doi.org/10.1364/OL.27.002004
http://dx.doi.org/10.1159/000484538
http://dx.doi.org/10.1002/jrs.5348
http://dx.doi.org/10.1002/jrs.6210
http://dx.doi.org/10.1681/ASN.2017080881
http://dx.doi.org/10.1080/05704928.2021.1969944
http://dx.doi.org/10.1016/j.kint.2016.09.044
http://dx.doi.org/10.1371/journal.pone.0237070
http://dx.doi.org/10.1016/j.nano.2021.102468
http://dx.doi.org/10.5414/CN108591
http://dx.doi.org/10.1016/j.kint.2016.10.046
http://dx.doi.org/10.1038/nmeth.4346
http://dx.doi.org/10.2147/IJNRD
http://dx.doi.org/10.1016/j.trac.2019.115796
http://dx.doi.org/10.1038/ki.1990.236
http://dx.doi.org/10.1016/j.jphotobiol.2017.09.019
http://dx.doi.org/10.2215/CJN.02150221
http://dx.doi.org/10.7717/peerj.14879
https://peerj.com/


Movasaghi Z, Rehman S, Rehman DIU. 2007. Raman spectroscopy of biological tissues. Applied
Spectroscopy Reviews 42(5):493–541 DOI 10.1080/05704920701551530.

Panikar SS, Cialla-May D, De la Rosa E, Salas P, Popp J. 2021. Towards translation of
surface-enhanced Raman spectroscopy (SERS) to clinical practice: progress and trends. TrAC
Trends in Analytical Chemistry 134(8):116122 DOI 10.1016/j.trac.2020.116122.

Piccoli GB, Grassi G, Cabiddu G, Nazha M, Roggero S, Capizzi I, De Pascale A, Priola AM,
Di Vico C, Maxia S, Loi V, Asunis AM, Pani A, Veltri A. 2015. Diabetic kidney disease: a
syndrome rather than a single disease. The Review of Diabetic Studies 12(1–2):87–109
DOI 10.1900/RDS.2015.12.87.

Premasiri WR, Clarke RH, Womble ME. 2001. Urine analysis by laser Raman spectroscopy.
Lasers in Surgery and Medicine 28(4):330–334 DOI 10.1002/lsm.1058.

Santoro D, Torreggiani M, Pellicanò V, Cernaro V, Messina RM, Longhitano E, Siligato R,
Gembillo G, Esposito C, Piccoli GB. 2021. Kidney biopsy in type 2 diabetic patients: critical
reflections on present indications and diagnostic alternatives. International Journal of Molecular
Sciences 22(11):5425 DOI 10.3390/ijms22115425.

Santucci L, Candiano G, Bruschi M, Bodria M, Murtas C, Petretto A, Ghiggeri GM. 2013.
Urinary proteome in a snapshot: normal urine and glomerulonephritis. Journal of Nephrology
26(4):610–616 DOI 10.5301/jn.5000233.

Satoskar AA, Shapiro JP, Bott CN, Song H, Nadasdy GM, Brodsky SV, Hebert LA,
Birmingham DJ, Nadasdy T, Freitas MA, Rovin BH. 2012. Characterization of glomerular
diseases using proteomic analysis of laser capture microdissected glomeruli. Modern Pathology
25(5):709–721 DOI 10.1038/modpathol.2011.205.

Senger RS, Kavuru V, SullivanM, Gouldin A, Lundgren S, Merrifield K, Steen C, Baker E, Vu T,
Agnor B, Martinez G, Coogan H, Carswell W, Karageorge L, Dev D, Du P, Sklar A,
Orlando G, Pirkle J, Robertson JL. 2019. Spectral characteristics of urine specimens from
healthy human volunteers analyzed using Raman chemometric urinalysis (Rametrix).
In: Bussolati B, edsPLOS ONE 14(9):e0222115 DOI 10.1371/journal.pone.0222115.

Senger RS, Robertson JL. 2020. The RametrixTM PRO toolbox v1.0 for MATLAB�. PeerJ 8:e8179
DOI 10.7717/peerj.8179.

Senger RS, Scherr D. 2020. Resolving complex phenotypes with Raman spectroscopy and
chemometrics. Current Opinion in Biotechnology 66:277–282
DOI 10.1016/j.copbio.2020.09.007.

Senger RS, Sullivan M, Gouldin A, Lundgren S, Merrifield K, Steen C, Baker E, Vu T, Agnor B,
Martinez G, Coogan H, Carswell W, Kavuru V, Karageorge L, Dev D, Du P, Sklar A, Pirkle J,
Guelich S, Orlando G, Robertson JL. 2020. Spectral characteristics of urine from patients with
end-stage kidney disease analyzed using Raman chemometric urinalysis (Rametrix). PLOS ONE
15:e0227281 DOI 10.1371/journal.pone.0227281.

Shen Y, Hu F, Min W. 2019. Raman imaging of small biomolecules. Annual Review of Biophysics
48(1):347–369 DOI 10.1146/annurev-biophys-052118-115500.

Souza DA, Silva GEB, Fernandes IL, de Brito DJA, Muniz MPR, Neto OMV, Costa RS,
Dantas M, Neto MM. 2020. The prevalence of nondiabetic renal diseases in patients with
diabetes mellitus in the University Hospital of Ribeirão Preto, São Paulo. Journal of Diabetes
Research 2020(3):2129459 DOI 10.1155/2020/2129459.

Stratta P, Canavese C, Marengo M, Mesiano P, Besso L, Quaglia M, Bergamo D, Monga G,
Mazzucco G, Ciccone G. 2007. Risk management of renal biopsy: 1387 cases over 30 years in a
single centre. European Journal of Clinical Investigation 37(12):954–963
DOI 10.1111/j.1365-2362.2007.01885.x.

Kavuru et al. (2023), PeerJ, DOI 10.7717/peerj.14879 18/19

http://dx.doi.org/10.1080/05704920701551530
http://dx.doi.org/10.1016/j.trac.2020.116122
http://dx.doi.org/10.1900/RDS.2015.12.87
http://dx.doi.org/10.1002/lsm.1058
http://dx.doi.org/10.3390/ijms22115425
http://dx.doi.org/10.5301/jn.5000233
http://dx.doi.org/10.1038/modpathol.2011.205
http://dx.doi.org/10.1371/journal.pone.0222115
http://dx.doi.org/10.7717/peerj.8179
http://dx.doi.org/10.1016/j.copbio.2020.09.007
http://dx.doi.org/10.1371/journal.pone.0227281
http://dx.doi.org/10.1146/annurev-biophys-052118-115500
http://dx.doi.org/10.1155/2020/2129459
http://dx.doi.org/10.1111/j.1365-2362.2007.01885.x
http://dx.doi.org/10.7717/peerj.14879
https://peerj.com/


Talari ACS, Movasaghi Z, Rehman S, Rehman I. 2015. Raman spectroscopy of biological tissues.
Applied Spectroscopy Reviews 50(1):46–111 DOI 10.1080/05704928.2014.923902.

Thomas MC, Brownlee M, Susztak K, Sharma K, Jandeleit-Dahm KAM, Zoungas S, Rossing P,
Groop P-H, Cooper ME. 2015. Diabetic kidney disease. Nature Reviews Disease Primers
1(1):15018 DOI 10.1038/nrdp.2015.18.

Tong X, Yu Q, Ankawi G, Pang B, Yang B, Yang H. 2020. Insights into the role of renal biopsy in
patients with T2DM: a literature review of global renal biopsy results. Diabetes Therapy:
Research, Treatment and Education of Diabetes and Related Disorders 11(9):1983–1999
DOI 10.1007/s13300-020-00888-w.

Trevethan R. 2017. Sensitivity, specificity, and predictive values: foundations, pliabilities, and
pitfalls in research and practice. Frontiers in Public Health 5:e3999
DOI 10.3389/fpubh.2017.00307.

USRDS. 2021. Annual data report. Available at https://usrds-adr.niddk.nih.gov/2021 (accessed 5
July 2022).

Varghese SA, Powell TB, Budisavljevic MN, Oates JC, Raymond JR, Almeida JS, Arthur JM.
2007. Urine biomarkers predict the cause of glomerular disease. Journal of the American Society
of Nephrology 18(3):913–922 DOI 10.1681/ASN.2006070767.

Virkler K, Lednev IK. 2010. Forensic body fluid identification: the Raman spectroscopic signature
of saliva. The Analyst 135(3):512–517 DOI 10.1039/B919393F.

Xu Y, Du P, Senger R, Robertson J, Pirkle JL. 2021. ISREA: an efficient peak-preserving baseline
correction algorithm for Raman spectra. Applied Spectroscopy 75(1):34–45
DOI 10.1177/0003702820955245.

Zhou J, Chen X, Xie Y, Li J, Yamanaka N, Tong X. 2008. A differential diagnostic model of
diabetic nephropathy and non-diabetic renal diseases. Nephrology Dialysis Transplantation
23(6):1940–1945 DOI 10.1093/ndt/gfm897.

Kavuru et al. (2023), PeerJ, DOI 10.7717/peerj.14879 19/19

http://dx.doi.org/10.1080/05704928.2014.923902
http://dx.doi.org/10.1038/nrdp.2015.18
http://dx.doi.org/10.1007/s13300-020-00888-w
http://dx.doi.org/10.3389/fpubh.2017.00307
https://usrds-adr.niddk.nih.gov/2021
http://dx.doi.org/10.1681/ASN.2006070767
http://dx.doi.org/10.1039/B919393F
http://dx.doi.org/10.1177/0003702820955245
http://dx.doi.org/10.1093/ndt/gfm897
http://dx.doi.org/10.7717/peerj.14879
https://peerj.com/

	Analysis of urine Raman spectra differences from patients with diabetes mellitus and renal pathologies
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


