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In Vivo Toxicity of Upconversion Nanoparticles. 
Overview. Part I 

Irina Yu. Yanina* and Vyacheslav I. Kochubey 
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Abstract. This review synthesizes current research on the in vivo dark 
toxicity of upconversion nanoparticles (UCNPs) for biomedical applications, 
including luminescent imaging, diagnostics, and photoinduced therapy. The 
aim is to assess key toxicity determinants – nanoparticle type, surface 
coating, concentration, and dose relative to body weight – and to establish 
safe exposure thresholds. Analysis of comprehensive histological and 
biochemical studies indicates that UCNPs generally exhibit low toxicity under 
tested conditions. The most non-toxic concentration identified across studies 
is 2 mg/mL. For mice, the maximum permissible dose for short-term 
exposure (12 h) is 10 mg/kg, and for long-term exposure (120 days) is 
50 mg/kg. For rats, a dose of 5 mg/kg is safe for both short- and long-term 
studies. While positively charged coatings (e.g., PEI) enhance cellular uptake, 
they may increase cytotoxicity compared to neutral or negatively charged 
coatings (e.g., PAA, PEG). Dissolution of UCNPs releasing rare-earth and 
fluoride ions contributes to dark toxicity, but biocompatible shells (silica, 
PEG) reduce this effect. Overall, UCNPs demonstrate favorable 
biocompatibility at established doses, supporting their continued 
development for in vivo theranostic applications. This review is the first of 
three parts; subsequent parts address phototoxicity and toxicity of 
multimodal particles. 

Keywords: toxicity; upconversion nanoparticles; concentration; dose. 

Paper #9595 received 17 Apr 2026; revised manuscript received 21 May 2026; accepted for 
publication 26 May 2026; published online 7 Sep 2026. doi: 10.18287/JBPE26.12.030201. 

 

 

 

1 Introduction 

The field of in vivo cellular and molecular research has 

experienced significant methodological advancements 

in imaging over recent decades [1–5]. Among the most 

promising techniques is luminescent imaging, which 

offers a noninvasive means to elucidate tissue 

architecture, detect specific biomolecules, and monitor 

biological processes in real time [6–10]. 

The foundation of this approach lies in the use of 

highly luminescent agents. For these probes to be 

effective in biomedical applications, they must satisfy 

several key requirements. First, they should be 

amenable to chemical modification, allowing 

researchers to enhance their biocompatibility or confer 

targeting capabilities [11–13]. Second, they must exhibit 

low toxicity to ensure minimal adverse effects on living 

systems. Third, and critically, they should absorb and 

emit light within the 650–1450 nm range – 

encompassing the red and near-infrared (NIR) regions 

of the spectrum. 

This spectral window confers significant advantages 

for in vivo imaging. Notably, light in this range 

experiences minimal absorption by biological tissues 

(with the exception of water absorption bands), enabling 

excitation photons to penetrate deeply into living 

tissue [14]. This property stands in stark contrast to 

visible light, which is substantially attenuated by tissue 

components. 

Another pivotal advantage of NIR visualization lies 

in its ability to improve the signal-to-noise ratio. Since 

endogenous autofluorescence predominantly occurs in 

the visible spectrum (400–650 nm), imaging in the NIR 

range drastically reduces background interference [15]. 

This spectral separation enhances detection sensitivity, 
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making it possible to reliably identify targets even at 

low concentrations. 

Furthermore, NIR photons exhibit reduced scattering 

in biological tissues compared to visible light. This 

characteristic translates into superior spatial resolution 

and sharper image contrast, particularly beneficial when 

imaging dense or heterogeneous tissues. The 

combination of deep tissue penetration, low background 

noise, and high resolution positions NIR-emitting 

luminescent probes as invaluable tools for in vivo 

applications [16]. 

Ongoing research continues to focus on optimizing 

probe design – particularly through surface 

functionalization and fine tuning of emission 

properties – to further expand the utility of luminescent 

imaging in preclinical and potentially clinical settings. 

Moreover, the luminescence properties of phosphors 

are sensitive to their environment, which enables their 

use as biosensors for detecting various biological 

parameters. These include: intracellular temperature (via 

luminescent thermometers); oxygen levels (for 

monitoring oxygen content in living systems); specific 

molecules (such as proteins, amino acids, antibiotics, 

and DNA) and various ions [17–24]. 

A special class of phosphors can transfer absorbed 

excitation energy to molecular triplet oxygen (3O2), 

promoting it to the excited singlet state (1O2) [25, 26]. 

Singlet oxygen is highly chemically reactive: when 

produced within cells, it can damage cellular structures 

and trigger cell death [27]. This mechanism underpins 

photodynamic therapy – one of the most promising 

approaches to cancer treatment [26]. 

Consequently, luminescent compounds have found 

wide-ranging applications in biology and medicine. This 

has spurred a significant increase in research 

publications focused on developing luminescent 

materials for biological imaging, disease diagnostics, 

and therapeutic applications in recent years. 

Among luminescent materials, upconversion 

nanoparticles (UCNPs) stand out as particularly 

promising. Their emission arises from cooperative 

energy transfer processes. The key feature of UCNPs is 

that excitation requires the absorption of at least two 

photons, which enables excitation in the infrared (IR) 

region [15]. Meanwhile, the resulting luminescence 

exhibits shorter wavelengths — a phenomenon driven 

by the anti-Stokes process. 

This unique mechanism provides UCNPs with an 

important additional advantage. Since biological tissues 

typically exhibit luminescence at longer wavelengths 

compared to the excitation wavelength, the background 

luminescence of biotissues at the UCNP emission 

wavelengths is substantially reduced [15]. 

Consequently, UCNPs not only retain the beneficial 

properties common to luminescent materials but also 

enable significantly improved signal-to-background 

ratios in biological imaging applications. 

The use of nanoparticles in medicine and biology 

necessitates careful consideration of their potential 

toxicity. Due to their small size, nanoparticles 

inherently pose toxicity risks – their high surface-area-

to-volume ratio enhances reactivity and may lead to 

unintended biological interactions [28–30]. The 

influence of various factors on in vivo dark toxicity is 

shown in Fig. 1. 

 

Fig. 1 Hierarchical diagram of factors affecting in vivo 

dark toxicity of UCNPs.  

However, it is crucial to emphasize that the toxicity 

of UCNPs is not uniform; it depends on a range of 

physicochemical and physiological factors. 

Physicochemical properties that influence toxicity 

include: particle size, shape, surface area, chemical 

composition and surface charge and functionalization 

(e.g., coating with biocompatible polymers) [28–30]. 

Physiological factors that modulate toxicity 

comprise: the specific disease context (e.g., inflamed vs. 

healthy tissue), individual genetic variations, metabolic 

state of the organism, route of administration and dose 

and duration of exposure [31]. 

Thus, assessing UCNP safety requires a 

comprehensive evaluation that integrates both material 

characteristics and biological context. This enables the 

design of safer nanomaterials and informed risk-benefit 

analyses for biomedical applications [32]. 

The recommended size for optimal penetration of 

NPs is below 100 nm. However, this size may also pose 

a risk of toxicity due to their potential to penetrate 

cellular structures and organs via the circulatory system. 

One crucial aspect of using UCNPs in biomedical 

applications lies in ensuring their biocompatibility on 

cells and or organisms [32]. To achieve this several 

chemical groups, including silica [33–35], 

polyethyleneimine (PEI) [36–39], polyvinyl pyrrolidone 

(PVP) [39], polyacrylic acid (PAA) [39–41], and 

polyethylene glycol (PEG) [42], have been used for this 

purpose. Additionally, UCNPs must be functionalized 

with different ligands that specifically target the desired 

cells and organs. 

The increased surface area leads to higher solubility, 

causing compounds that would normally be insoluble to 

dissolve. As a result, toxicity can occur when these 

dissolved products – consisting of molecules and ions 

from the nanoparticle – enter living cells. 

Increasing the relative surface area of nanoparticles 

not only affects their solubility, but also enhances their 

chemical activity. This can lead to increased toxicity, as 

the nanoparticles' chemical activity can cause harmful 
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effects. The toxicity of nanoparticles depends on their 

composition, the materials used to create their shells, 

and the surface charge of the nanoparticles [28–30]. 

When analyzing the causes of toxicity, it is also 

important to consider the surface charge of 

nanoparticles. This charge depends on the presence or 

absence of a shell around the nanoparticle. So-called 

“bare” nanoparticles, which are nanoparticles without a 

protective shell, can be obtained by either removing of 

the shell by reacting with acids (HCl) or by replacing it 

with other ligands (BF4−). However, it should be noted 

that the term “bare” is somewhat arbitrary, as these 

nanoparticles quickly acquire a negative charge when 

exposed to aqueous solutions due to the presence of 

OH- ions. 

It is important to note that the toxicity of 

nanoparticles is essential for their therapeutic use. This 

toxicity may lead to apoptosis or necrosis of the cells 

that are penetrated by the nanoparticles. The aim of 

targeted therapy is to specifically deliver nanoparticles 

to pathological cells, so that these cells experience the 

toxic effects of treatment. 

However, it is also important to consider the 

potential undesirable toxic effects that can arise.  

Toxicity can occur at different levels, including the 

cellular, subcellular, and molecular levels, as well as in 

altered organ function. 

Nanoparticles injected into the bloodstream can 

reach the liver, spleen, lungs, heart, and brain [36]. The 

biologically inert shells of these nanoparticles allow 

them to circulate in the blood for a long time, leading to 

their accumulation in various organs. The presence of 

addressable molecules on the nanoparticles' shells can 

reduce their circulation time. 

The toxicity of nanoparticles plays a crucial role in 

their application in photodynamic therapy and other 

biological uses and serves as a primary selection 

criterion. Depending on the intended application, 

particles with different types of coatings or composition 

are developed. There are several reviews on the toxicity 

of UCNPs [43–45]. However, the data presented in the 

literature are often contradictory, particularly regarding 

the maximum permissible concentration of 

nanoparticles. And despite the large number of studies 

on toxicity and antitumour effects in animals, the 

authors sometimes fail to provide important information 

such as the dose and concentration of particles used. On 

the other hand, as a rule, the authors do not investigate 

the mechanism of toxicity. The authors investigate the 

toxicity of a certain type of nanoparticles with a given 

coating for various cells, organisms and organs. 

2 In Vivo Dark Toxicity of Nanoparticles 

Nanoparticle toxicity can be divided into two main 

types: intrinsic toxicity and light-activated toxicity 

(phototoxicity). 

Phototoxicity is usually caused by the generation of 

reactive oxygen species (ROS) or nitrogen. Both the 

nanoparticle surface itself and its shell can participate in 

the generation process. To increase activity, the shell 

may include photodynamic dyes. In this case, 

photoexcitation of the dye occurs via photons of 

nanoparticle luminescence, which is excited by external 

radiation. The resulting products can cause DNA 

damage, which not only affects cell growth through 

protein oxidation but also impacts mitochondrial 

respiration [32]. 

As mentioned earlier, one of the causes of dark 

toxicity is the dissolution of nanoparticles. This process 

leads to the formation of ions of rare earth elements and 

fluorine, which can have a negative impact on cells and 

the body. 

The dissolution of nanoparticles in the blood may 

generate yttrium ions, which could affect bone and bone 

marrow cell function [46]. Additionally, there is a report 

of the possibility of toxicity from the substitution of 

calcium ions (Ca2+) with gallium ions (Ga3+) [47]. 

The effect of lanthanides on blood composition is 

also well-known [45]. 

In the absence of lanthanide ions in UCNPs, their 

toxicity is reduced. Tian et al. intravenously 

administered 1200 mg/kg of upconversion nanocapsules 

to mice over 60 days [48]. Under these conditions, no 

significant toxicity was observed, as evidenced by body 

weight determination, histological and hematological 

analyses, and biochemical blood tests. Meanwhile, 

Yang et al. demonstrated that at a dose of 28 mg/kg, 

UCNPs caused temporary lung and liver damage in 

mice [49].  

BALB/c mice were injected with 200 µL of high-

dose solution (2.0 mg [Y]/kg mouse weight) and low-

dose solution (0.2 mg [Y]/kg mouse weight) PEG-

coated NaYF4:Yb3+/Er3+ nanoparticles through the tail 

vein for the experimental group, while the control group 

received an equivalent amount of phosphate-buffered 

saline (PBS). Major organs were collected 24 and 72 h 

later, sectioned and subjected to haematoxylin & eosin 

(H&E) staining to observe histopathological changes for 

toxicity assessment [50]. There was no notable 

histopathological damage in the major organs of the 

control mice. The heart, liver, spleen, lungs, and 

kidneys of the experimental group exhibited general 

consistency with those of the control mice, show casing 

normal tissue cell morphology and an absence of acute 

inflammatory responses. Moreover, no inflammatory 

reactions were detected in tissue sections taken at 24 h 

and 72 h post-injection, suggesting that neither short-

term nor prolonged exposure to UCNPs induced organ 

damage in the mice. The metabolic and clearance 

pathways of UCNPs in mice were investigated by 

quantifying yttrium levels in feces and urine. The study 

revealed that UCNPs were primarily metabolized 

through fecal excretion within the initial four hours, 

shifting towards urinary excretion thereafter. Complete 

elimination was achieved within 72 h. 

The dissolution rate of nanoparticles depends on the 

condition of their surface. If a nanoparticle’s surface is 

not stabilized, it is likely to dissolve more easily than if 

it is protected by specialized coatings. It is important to 

consider the potential toxicity of these coatings, 
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however, as they may also affect the dissolution 

process. 

Shells made of silica, zinc sulfide, or polymers are 

often used to enhance the biocompatibility of 

nanoparticles and decrease their solubility. However, 

research has shown that silica can interact with cells and 

cause inflammation, which may be linked to various 

diseases, such as rheumatoid arthritis, sclerosis, lupus, 

and chronic kidney disease [51, 52]. At the same time, 

the silica coating reduces the solubility of nanoparticles 

and the cytotoxicity caused by fluoride ion release 

during dissolution [53]. 

Studies on the biocompatibility of nanoparticles 

coated with a SiO2 layer have shown that they exhibit 

low dark cytotoxicity, can penetrate cells, and remain 

inside for a considerable time. For instance, intravenous 

administration of coated with SiO2 NaYF4:25%Yb3+, 

0.3%Tm3+ particles at a dose of 10 mg/kg to laboratory 

rats resulted in no adverse health effects or behavioral 

changes throughout the study (7 days) [33, 34]. 

Recently, it was shown that oral or intravenous 

administration of NaYF4:Yb/Er@SiO2 nanoparticles 

does not exhibit significant toxicity in mice, even at 

high doses of 100 mg/kg body weight [35]. The study 

revealed that the nanoparticles mainly accumulate in 

bones, the stomach, and intestines upon oral 

administration, whereas intravenous injection leads to 

accumulation primarily in the liver and spleen. 

The Zhang group reported that NaYF4 nanoparticles 

coated with SiO2 are predominantly excreted from the 

bodies of mice by the 7th day after injection at a dose of 

10 mg/kg [33]. A review of the properties and toxicity 

of functionalized UCNPs is provided in studies [54–56]. 

The experimental results show that the positively 

charged UCNP@SiO2-PEG-NH2 has a stronger 

cytotoxic effect and better cell internalization ability 

than the negatively charged UCNP@SiO2-COOH and 

UCNP@SiO2-PEG. This charge-based difference in 

cytotoxicity may be caused by the redox stress caused 

by UCNP@SiO2, as well as the release of metal ions 

and ligands [57]. 

The toxicity of nanoparticles varies depending on 

the object they affect. In a study of the toxicity of 

UPNPs on keratinocytes, the toxicity was maximal 

when coated with PEI, weak cytotoxicity when coated 

with polymaleic acid (PMAO), and virtually non-toxic 

in the case of low molecular weight 

tetraethylammonium hydroxide (TMAH) [58]. When 

exposed to nerve cells, the toxicity differs. The TMAH 

coating allows nanoparticles to be hydrophilized by 

replacing oleic acid on their surface with a polymer, 

resulting in the appearance of hydroxide (OH-) radicals 

on the surface. This causes the nanoparticles to become 

negatively charged, similar to when coated with PMAO. 

However, the surface potential of PMAO is twice that of 

TMAH in this case. 

There is no clear consensus on the toxicity of 

nanoparticles coated with PEI. PEI and nanoparticles 

based on it may cause toxic effects in cells, and the 

toxicity increases with molecular weight and branching 

degree. These toxic effects are associated with the 

interaction between the cationic polymer and cell 

membranes, which can disrupt them. PEI can destroy 

cellular and mitochondrial membranes, leading to 

necrosis or apoptosis. 

However, there are also studies showing that 

introducing PEI into nanoparticle’s shells does not 

significantly affect their toxicity [59]. 

When PEI was used as a coating for UCNPs 

(NaYF4:Yb3+,Er3+) and administered intravenously to 

laboratory rats at concentrations of 1.5, 10, 15, and 

25 μg/mL and doses of 10 mg/kg, no toxic effects on 

cells or mice were observed [36]. Studies examined 

PEI-modified NaYF4:Yb,Er nanoparticles with 

different administration methods in mice: 

intravenous, intraperitoneal, and intragastric (at doses of 

10 mg/kg) [37, 38]. Following intraperitoneal 

administration, PEI@UCNPs accumulated significantly 

in the spleen for 30 days. In contrast, intragastric 

administration resulted in a decrease in accumulation 

over time in various body tissues, with particles 

primarily detected in the ileum and cecum, while their 

presence in other organs was relatively low. For 

intravenous administration, UCNPs demonstrated 

excretion from the body within 30 days and a gradual 

decrease in accumulation in the spleen. 

Thus, high molecular weight PEI and high 

concentrations can be cytotoxic [60]. For medical 

purposes, modified forms of PEI are being developed, 

such as pegylation and acetylation, to reduce surface 

charge and toxicity. 

For example, in a study, the effect of PEI, PVP, and 

PAA coatings on the cytotoxicity and cellular 

penetration of NaYF4:Yb/Er nanoparticles was 

investigated [39]. These polymers carry different 

charges: PVP is neutral, PEI is positively charged, and 

PAA is negatively charged. Thus, this study aimed to 

explore the impact of surface charge on particle 

biocompatibility. NaYF4:Yb/Er-PVP was synthesized 

via solvothermal methods, while NaYF4:Yb/Er-PEI and 

NaYF4:Yb/Er-PAA were obtained by replacing PVP 

through interactions with PEI and PAA in heated 

solution. Cytotoxicity tests on HeLa and U87MG 

(human glioblastoma) cell lines revealed that the least 

toxic material was the negatively charged 

NaYF4:Yb/Er-PAA. At the same time, confocal 

microspectroscopy using 980 nm laser excitation on the 

same cell lines showed that NaYF4:Yb/Er-PEI 

exhibited significantly higher penetration 

efficiency: NaYF4:Yb/Er-PEI > NaYF4:Yb/Er-PVP > 

NaYF4:Yb/Er-PAA. This can be explained by the 

negative charge of the cell membrane, which has a 

greater affinity for positively charged NaYF4:Yb/Er-PEI 

particles. For NaYF4:Yb/Er-PEI, which demonstrated 

the highest penetration ability, the mechanism of 

cellular entry was studied, showing that the particles 

enter cells via clathrin-mediated endocytosis. 

PAA is a non-toxic and biocompatible substance that 

can be biodegraded. However, there is still some 

uncertainty about the potential toxicity of PAA-coated 
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nanoparticles, as there is no clear consensus on this 

issue. Additionally, there is currently no direct evidence 

to support the toxicity of these nanoparticles 

themselves. 

Intravenous administration of functionalized 

NaYF4:20%Yb3+, 1%Tm3+-PAA particles at a dose of 

15 mg/kg to mice did not result in toxic effects on cells 

or mice, with only minor hyperplasia observed in the 

per arteriolar lymphoid sheath of the white pulp [40]. 

Additionally, no significant toxicity was observed over 

a 115-day period [41]. 

In contrast, PEG-coated nanoparticles have been 

shown to be non-toxic due to the use of PEG to modify 

their surface. This modification process can improve the 

biophysical and chemical properties of the 

nanoparticles, such as reducing the adsorption of plasma 

proteins onto their surface and increasing their 

circulation time within the body. 

In study, mice were intravenously injected with 

200 μL of UCNPs (NaYF4:Yb3+/Tm3+ coated with PEG 

or functionalized with PAA) at a concentration of 

2 mg/mL (dose of 20 mg/kg), and their condition was 

analyzed at various time points post-injection (3, 7, 20, 

40, and 90 days, with five mice per time point) [42]. No 

noticeable toxic side effects were observed in laboratory 

animals. 

UCNPs β-NaYF4:20%Yb3+, 2%Tm3+, coated with 

octylamine-PAA or 1,2-distearoyl-sn-glycero-3-

phosphoethanolamine-PEG, when intravenously 

injected into the vena cava at a volume of 200 μL and 

concentration of 2 mg/mL (dose of 20 mg/kg), did not 

cause any evident histological damage or organ 

impairment. Biochemical, hematological, and 

histological analyses remained normal at a dose of 

20 mg/kg. UCNPs can be partially degraded or 

processed within macrophage cells without significant 

release [42]. 

In paper, spherical or hexagonal NaYF:Yb,Er 

UCNPs with sizes of 25 nm (S-UCNPs) and 120 nm (L-

UCNPs) were synthesized by high-temperature 

coprecipitation and subsequently modified 

with three kinds of polymers [29]. These included PEG 

and poly(N,N-dimethylacrylamide -co-2-

aminoethylacrylamide) [P(DMA-AEA)] terminated 

with an alendronate anchoring group, and poly(methyl 

vinyl ether-co-maleic acid) (PMVEMA). To evaluate 

the biodistribution of the nanoparticles, 100 µL of 

UCNP@Ale-PEG or UCNP@Ale-(PDMA-AEA) 

dispersion (concentration 50 µg/mL of mouse blood) 

was applied retroorbitally to the mice (each nanoparticle 

type to 5 mice). An in vivo study showed that both types 

of nanoparticles were eliminated from the body via the 

liver. While L-UCNPs@Ale-PEG particles were almost 

completely eliminated from the liver 96 h after 

intravenous application, L-UCNPs@Ale-(PDMA-AEA) 

particles remained in the liver in a significantly higher 

amount. The polymeric coating can influence the 

retention of nanoparticles in tissues to some extent. This 

can be advantageously used in various applications 

using cell labeling in tissues and organs.  

To investigate the distribution and translocation of 

CitNaYb0.98-xEr0.02F4:5%Fe2+ UCNPs in the main 

organs of mice, two nude mice were intravenously 

injected with UCNPs (2 mg/mL, 200 mL) and, after 1 or 

24 h, dissected, and their main organs (heart, lung, liver, 

spleen, and kidney) were examined using fluorescence 

molecular tomography (FMT) imaging system [61]. At 

both 1 and 24 h post-injection, obvious fluorescence in 

lung, liver, and spleen is observed. However, the 

fluorescence intensity in the different organs changes 

dramatically with time. In a short period of time (1 h), 

the fluorescence distribution is relatively uniform, and 

the fluorescence intensity is high. After 24 h, the 

fluorescence intensity of lung, liver, and spleen 

decreases significantly, especially in the lung and 

spleen. It is worth noting that the heart also shows a 

faint fluorescence. These results suggest that UCNPs 

may have been partially metabolized by the mice and 

that a small amount of UCNPs is transferred to the 

heart. Therefore, Cit-NaYbF4:2%Er3+/5%Fe2+ may 

provide visual diagnostic and therapeutic means for 

lung, liver, and spleen diseases. 

To assess the in vivo biotoxicity, UCNPs-CuMnO 

was used in the experimental group at a concentration of 

100 μL and 5 mg/mL, while the control group received 

the same volume of saline solution [62]. The H&E 

staining analysis of five main organs (heart, liver, 

spleen, lung and kidney) showed that there is no distinct 

abnormality observed 7 days after injection. These 

results fully demonstrate the good biocompatibility of 

UCNPs-CuMnO nanoprobe. 

Additional decoration of the surface of nanoparticles 

with photodynamically active dyes has practically no 

effect on their toxicity. 

In addition to detectability, the assessment of the 

new nanoparticles should also include their 

biocompatibility. Nanoparticles consisting of the miR-

122 aptamer (Apt), UCNPs, and Prussian blue 

nanoparticles (PBNP) (UCNP-Apt-PBNP) were studied 

in recent paper [63]. To assess the safety and potential 

toxicity of these nanoparticles in vivo, a dose of 

20 mg/kg UCNP-Apt-PBNP was selected, based on the 

amount of UCNP. This dose was the highest used in 

previous studies by the authors, and it was injected into 

mice for 14 days. The nanoparticles did not cause 

nephrotoxic or hepatotoxic effects, indicating their 

biocompatibility and potential use for imaging the liver 

using miR-122 targeting. 

PEG-coated monodisperse UCNPs with a 

conjugated Flamma® fluorescent dye particles 

(UCNP@Ale-PEG-Flamma® particle) studied in the 

work [64]. Each group of mice was injected either 

intraperitoneally or intravenously (tail vein) with 100 ml 

of UCNP@Ale-PEG-Flamma® particle (0.15 mg) 

dispersion. After another 24 h, mice were euthanized 

and tumors and selected tissues (liver, kidney and 

muscle) were dissected. Intravenously administered 

UCNP@Ale-PEG-Flamma® particles accumulated 

strongly in the liver compared to intra peritoneal 

injection. The lower hepatic accumulation may be 
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explained by the reduced clearance rate by the 

mononuclear phagocytic system. In contrast, 

significantly increased nanoparticle accumulation in 

orthotopic tumors was observed in animals administered 

by the intraperitoneal route. The measured mean 

fluorescence intensity (MFI) 24 h after injection was 

more than 6-fold higher than that of intravenous 

administration. In addition, a slightly increased 

fluorescence signal from the kidneys of mice was 

observed after intravenous administration. Although 

insignificant, this increase may be explained by direct 

exposure of intravenously administered UCNPs to renal 

excretion mechanisms, whereas intraperitoneal 

administration leads to lower (and delayed) blood 

levels. Moreover, no differences in particle 

accumulation were found in skeletal muscle, which was 

chosen as a negative control to the remaining three 

tissues where accumulation was anticipated. However, 

this was an expected finding as there is no reason for 

particle accumulation in skeletal muscle. The observed 

differences in nanoparticle’s distribution between 

intravenous and intraperitoneal administration may be 

attributed to distinct physiological barriers and 

clearance mechanisms involved. Intravenous 

administration exposes nanoparticles to immediate 

systemic circulation, leading to rapid clearance by 

organs such as the liver and kidneys. In contrast, 

intraperitoneal administration offers a localized delivery 

route that potentially bypasses some of the mechanisms 

of systemic clearance and allows for more targeted 

accumulation in peritoneal tumors. These differences in 

biodistribution underscore the importance of the 

administration route in achieving optimal therapeutic 

outcomes with nanoparticle-based drug delivery 

systems. 

In the study, Ca0.2Zn0.9Mg0.9 Si2O6 particles doped 

with rare earth cations (Eu3+, Dy3+, Mn3+) and coated 

with PEG at a concentration of 1 mg/mL were excited 

with UV light (254 nm) for 5 min [65]. Subsequently, 

100 mL of a colloidal solution was introduced (1 mg of 

stably luminescent nanoparticles was resuspended in 

1 mL of sterile 150 mM NaCl). It was found that the 

distribution of particles in tissues highly depends on the 

surface coating and the core size of the particle. Smaller 

particles (up to 80 nm) and star shaped particles remain 

in circulation for a longer time, whereas PEG coatings 

with a molecular weight of 5 to 20 kDa have only a 

minor effect on the biodistribution of silica coated 

nanoparticles in vivo.  

A simple fluorescence resonance energy transfer 

(FRET) sensing platform (termed as USP), comprised of 

UCNPs as the energy donor and Cy5 as the energy 

acceptor, has been synthesized for cathepsin B (CTSB) 

activity detection in vitro and in vivo [66]. For in vivo 

toxicity analysis, 0.2 mL stroke-physiological saline 

solution (0.9 wt% NaCl solution) with or without USP 

(10 mg·kg–1) were injected intravenously into the 

Kunming mice as experimental group and control 

group, respectively. Healthy mice were injected 

intravenously with USP and dissected at the 30th day 

post-injection. The results of body weight, histological 

analysis, and blood routine examination show that there 

is no significant difference between USP-treated mouse 

group and control group, demonstrating the low long-

term toxicity of USP. 

In study, it was developed and characterized Arg-

Gly-Asp (RGD)-decorated poly-lactic-acid-co-glycolic 

acid (PLGA) nanoparticles for simultaneous sustained 

and precise co-delivery of loaded cisplatin (CDDP) 

(therapeutic agent) and UCNP (imaging agent) for lung 

cancer therapy [67]. Wistar rats were categorized (n = 4) 

in different groups and treated with CDDP loaded 

PLGA nanoparticles (CPF), CDDP and UCNP loaded 

PLGA nanoparticles (CPFT), RGD decorated CDDP 

and UCNP loaded PLGA nanoparticles (CPFT- RGD 

nanoparticles) formulations, Ciszest-50 injecion 

(positive control) and normal saline solution (negative 

control), separately. The formulations at dose of CDDP 

(5 mg/kg) and normal saline were administered into rats 

via the tail vein with an administration rate 0.4 mL/min. 

After 15 days and 30 days of i.v. administration of CPF, 

CPFT, CPFT- RGD nanoparticles and Ciszest-50 

injection to rats, the morphological characteristics of 

collected lung tissues were assessed by standard H&E 

staining. In the study, the alveoli and interstitium were 

observed normal in the control group treated with 

normal saline. No pathologic lesions (i.e., inflammation, 

alveolar dam age, vascular and alveolar congestion) 

were observed in alveoli or bronchi of lung tissue. In the 

group treated with CPF, CPFT, CPFT-RGD 

nanoparticles, there was alveolar septal disruption 

(probably artificial) and fibrin thrombus in a few small 

vessels were found, with no significant alveolar 

hemorrhage or inflammation and bronchi are 

unremarkable as compared to control group. In Ciszest-

50 treated group, lung parenchyma showed mild to 

chronic bronchial inflammation, as well as disruption of 

alveolar septa, small fibrin thrombi and hemorrhage. In 

all treated groups, no severe pathologic lesions (i.e., 

alveoli, bronchiole (lower right), capillaries and 

interstitium) were observed in the lung tissue as 

compared to Ciszest-50 treated groups. This result 

clearly indicates that CDDP loaded PLGA nanoparticles 

improved the biocompatibility of CDDP with lung 

tissue. 

In tumor cells (for example, in acute lymphoblastic 

leukemia), asparagine is an essential amino acid; 

without it, the synthesis of proteins and nucleic acids is 

disrupted, leading to cell death. 

The authors functionalized NaYF4 UCNPs with 

isocyanate groups and then immobilized the enzyme 

pegylated L asparaginase (L-ASNase) (PEG-L-ASNase) 

via covalent bonding [68]. As noted above, pegylation 

of the surface reduces the toxicity of nanoparticles. 

The nanoparticles injected into mice were irradiated 

with a 150  mW laser at 808 nm for 30 min at a distance 

of 1 cm. The histological pattern of heart and liver 

tissues did not change compared to the control. In 

kidney tissues, a slight increase in the density of 

degenerated cells in the renal medulla was observed in 
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the case of non pegylated UCNPs and after laser 

irradiation. In the same groups of mice, an increased 

density of degenerated cells was found in spleen tissues, 

and giant cells with nuclei were detected. 

However, in the literature, similar tissues were 

histopathologically examined in in vivo studies with 

UCNPs containing various functional groups, and it was 

indicated that the toxic damage was minor [42, 69, 70]. 

At 48 h post‑UCNP administration, high 

concentrations of Er3+ were observed in the spleen, 

while Er3+ levels remained quite low in the liver, heart, 

and kidneys. 

Zhao and others reported that nanoparticles (NPs), 

which are considered foreign objects, primarily 

accumulate in the liver and spleen [71]. 

Since the biodistribution of nanomaterials is dictated 

by their surface chemistry – which affects the extent and 

specificity of protein binding – modification with PEG-

L-ASNase could facilitate the elimination of UCNPs 

from the body and prevent long term accumulation after 

intravenous administration [70]. Consequently, such 

particles can be safely used for in vivo administration. 

When a suspension of NaGdF₄:Tm3+, Er3+, Yb3+ 

particles coated with oleic acid oxidized to azelaic acid 

was administered (volume: 150  μL; concentration: 

1  mg/mL), their high relaxivity of 5,60 s−1mM−1 was 

demonstrated [72]. 

These nanoparticles were successfully used as 

contrast agents for in vivo MRI [73]. 

The dependence of toxicity on such parameters as 

particle type, particle coating type, dose, concentration 

and method of particle administration, summarizing the 

reviewed articles, is presented in Table 1. 

Table 1 Dependence of toxicity on such parameters as particle type, particle coating type, dose, concentration and 

method of particle administration. 

UCNP type Coating Charge 
Type of 

animal 

Dose 

(mg/kg) 

Concentration 

(mg/ml) 
Route of 

administration 
Main results 

(toxicity etc.) 
Ref. 

NaYF4:Yb3+/ 

Er3+ 
PEG 

Not 

specified 

(neutral) 

BALB/c 

mice 

2.0 mg 

[Y]/kg 

(high), 

0.2 mg 

[Y]/kg (low) 

Not specified 
Intravenous 

(tail vein) 

No 

histopathologi

cal damage in 

heart, liver, 

spleen, lungs, 

kidneys at 24 

and 72 h; no 

inflammation; 

complete 

elimination in 

72 h via feces 

then urine 

[50] 

NaYF4:Yb3+/ 

Tm3+ 
SiO₂ 

Not 

specified 
Rats 10 Not specified Intravenous 

No adverse 

health effects 

or behavioral 

changes for 

7 days 

[33,34] 

NaYF4:Yb/Er SiO₂ 
Not 

specified 
Mice 100 Not specified 

Oral or 

intravenous 

No significant 

toxicity; oral 

→ 

accumulation 

in bones, 

stomach, 

intestines; i.v. 

→ liver and 

spleen 

[35] 

NaYF4:Yb3⁺, 

Er3⁺ 
PEI Positive Rats 10 

0.0015, 0.01, 

0.015, 0.025 
Intravenous 

No toxic 

effects on 

cells or mice 

[36] 

NaYF4:Yb,Er PEI Positive Mice 10 Not specified 
Intravenous, 

intraperitoneal, 

intragastric 

Intraperitoneal 

→ spleen 

accumulation 

for 30 days; 

intragastric → 

ileum and 

cecum; i.v. → 

excretion 

within 30 days 

[37,38] 
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NaYF4:20% 

Yb3⁺,1%Tm3⁺ 
PAA Negative Mice 15 Not specified Intravenous 

No toxic 

effects; minor 

hyperplasia in 

splenic white 

pulp 

[40] 

NaYF4:Yb3⁺/ 

Tm3⁺ 

PEG or 

PAA 

Neutral 

(PEG) / 

Negative 

(PAA) 

Mice 20 2 Intravenous 

No noticeable 

toxic side 

effects up to 

90 days; no 

histological 

damage 

[42] 

β-NaYF4: 

20%Yb3⁺,2% 

Tm3+ 

Octylamine-

PAA or 

DSPE-PEG 

Negative 

(PAA) / 

Neutral 

(PEG) 

Mice 20 2 
Intravenous 

(vena cava) 

No 

histological 

damage or 

organ 

impairment; 

biochemical/ 

hematological 

analyses 

normal 

[42] 

NaYF:Yb,Er 

(25 nm and 

120 nm) 

Ale-PEG or 

Ale-

(PDMA-

AEA) 

Not 

specified 
Mice 

~5 (based 

on 50 µg/ml 

blood, 

100 µl) 

0.05 

(in blood) 
Retroorbital 

Both 

eliminated via 

liver; L-

UCNPs@Ale-

PEG almost 

fully cleared 

at 96 h; L-

UCNPs@Ale-

(PDMA-

AEA) 

remained 

longer 

[29] 

Cit-

NaYbF4:2% 

Er3⁺/5%Fe2⁺ 

Citrate Negative 
Nude 

mice 

~40 

(2 mg/ml × 

0.2 ml for 

~20 g 

mouse) 

2 Intravenous 

Fluorescence 

in lung, liver, 

spleen at 1 

and 24 h; 

decreased by 

24 h; faint 

signal in heart 

[61] 

UCNPs-

CuMnO 

Not 

specified 

(likely PEG 

or similar) 

Not 

specified 
Mice 

~25 

(5 mg/ml × 

0.1 ml for 

~20 g 

mouse) 

5 

Not specified 

(likely 

intravenous) 

No distinct 

abnormality in 

H&E staining 

of heart, liver, 

spleen, lung, 

kidney at 

7 days 

[62] 

UCNP-Apt-

PBNP (miR-

122 aptamer) 

Not 

specified 

(Apt-PBNP) 

Not 

specified 
Mice 20 Not specified Not specified 

No 

nephrotoxic or 

hepatotoxic 

effects after 

14 days 

[63] 

UCNP@Ale-

PEG-

Flamma® 

PEG + 

Flamma® 

dye 

Not 

specified 
Mice 

~7.5 

(0.15 mg 

per mouse, 

~20 g) 

Not specified 

Intraperitoneal 

vs. 

intravenous 

i.v. → high 

liver 

accumulation; 

i.p. → lower 

liver 

accumulation, 

6× higher 

tumor 

accumulation 

[64] 
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Ca0.2Zn0.9Mg0.9 

Si2O6:Eu3⁺,Dy3⁺,

Mn3⁺ 
PEG 

Not 

specified 
Mice 

~5 (1 mg/ml 

× 0.1 ml for 

~20 g 

mouse) 

1 

Not specified 

(likely i.v. or 

i.p.) 

Distribution 

depends on 

size and 

shape; smaller 

(<80 nm) and 

star-shaped 

remain longer 

in circulation 

[65] 

UCNP-Cy5 

(USP, FRET 

sensor) 

Not 

specified 

Not 

specified 

Kunmin

g mice 
10 Not specified Intravenous 

No significant 

difference in 

body weight, 

histology, 

blood routine 

at 30 days; 

low long-term 

toxicity 

[66] 

CDDP + 

UCNP in 

PLGA 

(CPFT-RGD) 

PLGA + 

RGD 

Not 

specified 

Wistar 

rats 

5 (as 

CDDP) 
Not specified 

Intravenous 

(0.4 ml/min) 

No severe 

pathologic 

lesions in lung 

tissue; 

improved 

biocompatibili

ty compared 

to free 

cisplatin 

[67] 

NaYF4 with 

PEG-L-

ASNase 

PEG-L-

asparaginas

e 

Not 

specified 
Mice 

Not 

specified 
Not specified Not specified 

No heart/liver 

changes; 

slight renal 

medulla 

degeneration 

in non-PEG 

group after 

laser; spleen 

giant cells in 

non-PEG + 

laser 

[68] 

NaGdF4:Tm3+ 

Er3+,Yb3+ 

Azelaic acid 

(from oleic 

acid 

oxidation) 

Negative 

Not 

specifie

d (MRI 

study) 

~0.15 (150 

μl × 1 

mg/ml for 

~1 kg 

assumed, 

but not 

specified) 

1 Not specified 

Used as MRI 

contrast agent; 

relaxivity 

5.60 s⁻¹mM⁻¹; 

no toxicity 

reported 

explicitly 

[72,73] 

Note: “Not specified” indicates the original article did not report the parameter. 

Doses in mg/kg were calculated where possible based on typical mouse body weight (20 g) and injection volume; some 

values are approximate. 

Charge assignments are based on known properties of coatings: PEI (+), PAA (−), PEG (neutral), PVP (neutral). 

 

3 Conclusion 

This review (Part I) has synthesized current knowledge 

on the in vivo dark toxicity of upconversion 

nanoparticles (UCNPs), with a focus on the 

physicochemical and physiological factors that 

determine their safety profile for biomedical 

applications. Based on comprehensive histological, 

biochemical, and hematological analyses reported in the 

literature, the following conclusions can be drawn. 

UCNPs generally demonstrate low dark toxicity 

under tested conditions, provided that their surface is 

appropriately stabilized. The primary mechanism of 

dark toxicity is the dissolution of nanoparticles leading 

to the release of rare-earth ions (e.g., Y3⁺, Yb3⁺, Er3⁺) 

and fluoride ions, which can accumulate in organs such 

as the liver, spleen, and bones. However, at 

recommended doses, no significant organ damage or 

adverse behavioral changes have been observed. 
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The toxicity of UCNPs is strongly modulated by 

their surface coating. Silica (SiO2) coatings reduce 

solubility and fluoride ion release, showing low 

cytotoxicity at doses up to 100 mg/kg in mice. 

Polyethylene glycol (PEG) coatings provide excellent 

biocompatibility, reduce protein adsorption, and prolong 

circulation time without evident toxicity at 20 mg/kg. 

Polyacrylic acid (PAA) coatings (negatively charged) 

exhibit the lowest cytotoxicity among tested polymers, 

with no significant toxicity observed over 115 days at 

15 mg/kg. Polyethyleneimine (PEI) coatings (positively 

charged) enhance cellular internalization but may 

induce membrane disruption and cytotoxicity at high 

molecular weights and concentrations; however, lower 

concentrations (10 mg/kg) have shown no toxic effects. 

Neutral coatings (PVP) demonstrate intermediate 

toxicity and penetration efficiency. 

Positively charged UCNPs (e.g., PEI-coated) exhibit 

higher cellular uptake due to electrostatic attraction to 

negatively charged cell membranes, but also higher 

cytotoxicity. Negatively charged (PAA) and neutral 

(PVP) particles are less toxic, albeit with reduced 

penetration efficiency. 

Based on a critical review of available evidence, the 

maximum permissible concentration of UCNPs is 

estimated at 2 mg/mL. The following dose regimens are 

recommended as safe for in vivo applications: for mice 

are 10 mg/kg for short-term exposure (12 h) and 

50 mg/kg for long-term exposure (120 days); for rats is 

5 mg/kg for both short- and long-term exposure. This 

choice is based on minimal or no changes in the internal 

organs based on the results of histology. 

UCNPs primarily accumulate in the liver and spleen 

following intravenous administration, with partial 

clearance via fecal and urinary routes. Complete 

elimination has been reported within 72 h for PEG-

coated particles and within 30 days for PEI-coated 

particles. Intraperitoneal administration may reduce 

hepatic accumulation compared to intravenous injection. 

Intravenous administration of PEI-coated UCNPs led to 

gradual excretion from the body within 30 days and 

decreasing accumulation in the spleen. In contrast, 

intraperitoneal administration resulted in significant 

particle accumulation in the spleen for up to 30 days. 

Following intragastric administration, UCNPs were 

primarily detected in the ileum and cecum, with 

relatively low presence in other organs. Intravenous 

injection of PEGylated or PAA-coated nanoparticles 

caused no evident histological damage or organ 

impairment, with particles accumulating mainly in the 

liver and spleen. 

Across numerous studies, H&E staining of major 

organs (heart, liver, spleen, lungs, kidneys) from 

UCNP-treated animals showed no significant 

inflammatory responses, necrosis, or morphological 

abnormalities compared to controls, except for minor, 

reversible changes such as transient hyperplasia in the 

splenic white pulp. 

Smaller UCNPs (below 100 nm) are preferred for 

tissue penetration but may pose higher reactivity risks. 

Particle size and shape (e.g., spherical vs. hexagonal) 

influence biodistribution and retention time, with 

smaller particles remaining in circulation longer. 

Decoration of UCNPs with targeting ligands (e.g., 

RGD peptides, aptamers) or photodynamically active 

dyes has been shown to have minimal additional toxic 

effects, supporting their use in multimodal theranostic 

platforms. 

In summary, UCNPs represent a promising class of 

luminescent nanomaterials for in vivo imaging and 

therapy, with an acceptable safety profile at established 

concentrations and doses. However, the heterogeneity of 

experimental conditions across studies – particularly 

variations in coating materials, administration routes, 

and exposure durations – underscores the need for 

standardized toxicity assessment protocols. Part II of 

this review will address the phototoxicity of UCNPs, 

while Part III will examine the toxicity of multimodal 

upconversion particles. 
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Abstract. This is the second section of review synthesizes current research on 
the in vivo toxicity of upconversion nanoparticles (UCNPs) for biomedical 
applications, including photoinduced drug delivery, photodynamic 
therapy (PDT), and multimodal therapies. The aim is to assess the safety of 
UCNPs under near-infrared (NIR) irradiation and in combination with 
photosensitizers, chemotherapeutics, and other therapeutic modalities. 
Analysis of numerous in vivo studies in mouse and rat models demonstrates 
that UCNPs exhibit low dark toxicity and targeted phototoxicity, with no 
significant damage to major organs (heart, liver, spleen, lungs, kidneys) at 
therapeutic doses. For mice, safe doses are 10 mg/kg for short-term exposure 
(48 h and for long-term exposure 40 days). Surface coatings (PEG, silica, 
MVEMA, cell membranes) enhance biocompatibility and reduce off-target 
effects. Multimodal UCNP platforms (PDT combined with chemotherapy, 
photothermal therapy, chemodynamic therapy, immunotherapy, or 
radiotherapy) demonstrate effective tumor suppression without substantial 
systemic toxicity. These findings support the continued development of UCNPs 
as safe and effective theranostic agents for precision oncology. 

Keywords: phototoxicity, upconversion nanoparticles, dose, photodynamic 
therapy. 
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1 Phototoxicity of Upconversion 

Nanoparticles 

1.1 Drug Delivery and Photo Induced 

Release 

One of the potential applications of upconversion 

nanoparticles (UCNPs) combined with a photosensitizer 

(PS) is targeted drug delivery and photo induced drug 

release. For instance, in recent paper, UCNPs coated with 

a PS, a stopper agent, and modified mesoporous silica 

(designated as UCNPs@mSiO[DEX] Py/β CD/FITC, or 

USDPFs) were developed for synergistic combination 

therapy of lung ischemia reperfusion injury (LIRI), 

enabling precise release of dexamethasone (DEX) [1]. 

DEX is a synthetic glucocorticoid that helps reduce 

inflammatory responses, suppress the immune response, 

and improve the tolerability of anticancer therapy. 

UCNPs were developed by coating an inert YOF:Yb 

shell onto a YOF:Yb, Tm core to achieve high intensity 

blue and red upconversion emission upon irradiation with 

a NIR laser. 

To evaluate the in vivo safety of USDPFs, healthy 

adult C57BL/6 mice were administered 5 mg kg⁻1 of 

USDPFs via intratracheal instillation. After two weeks, 

mice in the USDPF group showed no infiltration of 

inflammatory cells or tissue necrosis in the heart, lungs, 

liver, spleen, and kidneys, as compared to the control 

group. This indicates that intratracheal administration of 

the nanoparticles does not damage lung tissue, and that 

USDPFs do not exhibit significant toxicity to several 

vital organs in mice, demonstrating good in vivo safety. 

To evaluate the safety and function of USDPFs 

(UCNPs for DEX delivery), the authors investigated 

several conditions in mice: USDPFs alone, USDPFs with 

NIR irradiation (980 nm, 3 × 10 min, 1 W/cm2), 
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ischemia/reperfusion (I/R) injury, I/R + USDPFs, and 

I/R + USDPFs + NIR [1–4]. Mice received a single dose 

of 5 mg/kg USDPFs via intratracheal or intravenous 

administration. 

Following intravenous injection, USDPFs remained 

detectable in the bloodstream for approximately 10 

hours, confirming prolonged circulation compatible with 

the enhanced permeability and retention (EPR) effect. 

Importantly, neither USDPFs alone nor USDPFs + NIR 

caused any lung tissue damage, edema, or inflammatory 

cell infiltration compared to healthy controls. In contrast, 

the I/R and I/R + USDPFs groups showed severe lung 

injury, characterized by thickened alveolar walls, edema, 

and elevated levels of IL-1β, IL-6, and TNFα. 

Remarkably, the I/R + USDPFs + NIR group 

exhibited significantly reduced lung damage, pulmonary 

edema (lower wet-to-dry weight ratio), and lower 

inflammatory cytokine levels compared to both I/R-only 

and I/R + USDPFs groups. These results demonstrate 

that NIR irradiation triggers DEX release from USDPFs, 

effectively alleviating inflammation and edema without 

intrinsic nanoparticle toxicity. Overall, USDPFs show a 

favorable biosafety profile. 

Complex heterostructures comprising UCNPs 

(DUCNPs) and manganese based metal–organic 

frameworks (Mn MOFs) can be used for drug 

delivery [5]. 

The authors developed a nanocarrier designated 

DUCNP@Mn MOF, which demonstrated good loading 

efficiency and delivery capability for the cytotoxic 

antitumor agent 3 F 10 OH evodiamine (FOE). 

The combined properties of Mn MOF and DUCNPs 

endowed the DUCNP@Mn MOF/FOE system with 

synergistic chemodynamic and chemotherapeutic effects. 

The developed nanosystem exhibited high tumor 

targeting selectivity. 

In a mouse model of breast cancer, the nanocarrier 

effectively suppressed tumor growth without causing 

significant toxicity. 

Wang Y., et al. developed NaYF4:Yb,Tm-based 

upconversion nanoparticles conjugated with the 

chemotherapeutic agent 9-aminocamptothecin (ACPT) 

via photolabile linkers. The nanoparticles were coated 

with a 4T1 tumor cell membrane functionalized with 

melittin to enable homologous tumor targeting and 

enhance drug penetration [6]. 

In a 4T1 breast cancer mouse model, intravenous 

injections were administered on days  0,  3, and  6 

(melittin dose: 1 mg kg⁻1), followed by 808 nm NIR 

irradiation (0.8 W cm⁻2, 20 min) on days 2, 5, and 8. The 

treatment inhibited tumor growth and suppressed lung 

metastasis. No obvious pathological changes were 

observed in the heart, liver, spleen, lungs, or kidneys. 

Serum inflammatory factors such as tumor necrosis 

factor α (TNF α) and interferon γ (IFN γ), which are 

secreted by immune cells, can inhibit tumor cell 

growth [7]. 

Therefore, the concentrations of TNF α and IFN γ 

were analyzed. The results showed that treatment with U 

ACPT@MM + NIR significantly increased the serum 

levels of both TNF α and IFN γ. 

In addition, no obvious pathological changes were 

observed in the tissues of the heart, liver, spleen, lungs, 

and kidneys. 

1.2 Photodynamic Therapy 

In photodynamic therapy (PDT), the use of UCNPs 

involves loading them with PSs and exciting the PSs via 

the luminescence of the nanoparticles. Since the 

excitation of UCNPs is achieved using infrared light – 

which penetrates deeply into biological tissues – this 

approach enables effective treatment of deeper seated 

tumors without causing photodamage to the overlying 

tissues. 

When excited, the PS undergoes specific reactions, 

initiating a chain of processes that lead to the formation 

of various reactive oxygen species (ROS). These ROS 

exert a damaging effect on cellular structures, ultimately 

causing the death of tumor cells. 

More than a hundred substances with 

photosensitizing properties are known. Among natural 

compounds, PSs include chlorophylls, phycobilins, 

porphyrins and their synthetic intermediates, several 

antibiotics, quinine, riboflavin, and others. 

Most commonly in PDT, several types of PS are used 

– mainly various derivatives of porphyrins. In addition to 

porphyrins themselves, related derivatives are also 

employed: chlorin based compounds (chlorins, 

bacteriochlorins), as well as phthalocyanines and 

naphthalocyanines [8]. 

Besides the PS, the nanoparticle surface must be 

coated with functional groups to ensure targeted 

accumulation of nanoparticles within the tumor. 

Analysis of nanoparticle use in PDT should also 

include investigation of pathological morphological 

changes in major organs (liver, heart, kidneys, spleen, 

and lungs), both under nanoparticle irradiation and 

without it. The absence of such changes indicates no dark 

toxicity and no secondary effects arising from irradiation 

when using the studied nanoparticles. 

However, nanoparticles can also be used without 

sensitizers. 

The authors synthesized NaGdF4:25 % Yb3+, 

1 % Nd3+, 0.5 % Tm3+ nanoparticles, whose 

luminescence could be excited both at 808 nm (Nd3+ 

ions) and at 980 nm (Yb3+ ions) [9]. The emission of 

these nanoparticles in the 450–500 nm range (Tm3+ ions) 

is effectively absorbed by all organic PSs. When using 

nanoparticles coated with thiochromenocarbazole imide 

(TCI), the authors noted low dark toxicity and the 

possibility of in vivo imaging. However, the authors did 

not observe a significant effect on the growth of HeLa 

stimulated tumors. 

In the work, UCNPs of the composition 

TiO2/(Ca, Y)F2:Tm, Yb were obtained by a hydrothermal 

method; these nanoparticles respond to near infrared light 

and are intended for combating tumors [10]. 

Additionally, a femtosecond laser (FL) was used to 

reduce the size and aggregation of 
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TiO2/(Ca, Y)F2:Tm, Yb, which allowed improving its 

dispersity. The authors evaluated the phototherapeutic 

effect of the nanoparticles on CFPAC 1 pancreatic 

tumors. 

The experiments showed that in the absence of 

TiO2/(Ca, Y)F2:Tm, Yb FL, the growth rate and size of 

tumors in nude mice were significantly larger than in 

the treatment case. This indicates that 

TiO2/(Ca, Y)F2:Tm, Yb FL nanoparticles play a certain 

role in inhibiting tumor growth under near infrared light, 

but due to the complex and variable environment in vivo, 

the hydroxyl radicals released from 

TiO2/(Ca, Y)F2:Tm, Yb FL did not achieve the effect of 

destroying tumor cells over a large area. Instead, they 

only led to inhibition of tumor growth in nude mice 

without reducing the tumor area or killing all tumor cells. 

This may be associated with the hypoxic 

microenvironment of tumor tissue, which causes tumor 

cells to activate signaling pathways leading to increased 

synthesis or expression of certain genes and proteins 

(oxygen regulated protein (ORP), vascular endothelial 

growth factor (VEGF), erythropoietin (EPO), etc.), 

resulting in structural and functional abnormalities in the 

blood vessels of tumor tissue. Consequently, their 

sensitivity to the oxygen concentration in the surrounding 

environment is lower than that of normal tissues [11]. 

To enhance nanoparticle penetration into tumor 

tissue, boost PDT efficacy, and reduce off target toxicity, 

special surface coatings are required. 

In their study, Ling B., et al. developed nucleus 

penetrating UCNPs (UCNP@Glu DMMA) with charge 

reversal properties [12]. 

The design relies on two key components: 

 glucose, which confers tumor cell tropism; 

 2,3 dimethylmaleic anhydride (DMMA), which 

imparts a negative surface charge to the nanoparticles. 

This configuration ensures blood circulation stability 

and accumulation in the tumor microenvironment 

(TME). DMMA and its derivatives allow the 

nanoparticle surface charge to be modulated based on the 

tumor’s acidity. Exposure to the acidic TME and γ 

glutamyl transpeptidase (GGT) triggers a charge reversal 

from negative to positive. 

Positively charged nanoparticles are more readily 

taken up by cells, thereby amplifying the PDT effect. 

Direct delivery to the cell nucleus enables localized 

release of ROS, leading to sustained photo stimulated 

DNA damage. 

In the experimental phase, UCNP@Glu DMMA was 

injected into nude mice bearing HeLa tumors. The 

animals then underwent laser irradiation at 980 nm for 

15 min (30  s of irradiation followed by a 1 min break to 

prevent overheating) at a power density of 0.8 W cm⁻2. 

The results showed a significant reduction in tumor 

size. Irradiation induced substantial apoptosis in tumor 

tissues and effectively suppressed cellular proliferation. 

Toxicity assessment revealed minimal signs of tissue 

damage or inflammation in major organs. 

Currently, a wide range of phototherapeutic agents 

based on PS conjugated UCNPs has been tested for NIR 

induced PDT, primarily aiming to demonstrate cellular 

uptake and cell death following NIR irradiation [13–15]. 

The first in vivo application was performed 

by intratumoural injection of NaYF4:Yb3⁺, 

Er3⁺@poly(ethylene glycol) particles non covalently 

loaded with chlorin e6 (Ce6) into mice bearing 4T1 

breast tumors [16]. PDT with 980 nm irradiation 

(0.5 W cm⁻2, 30 min) significantly reduced tumor growth 

rates in mice. 

A similar effect after NIR irradiation (5 min, 

0.6 W cm⁻2) was observed in nude mice bearing U87MG 

tumors that received intravenous injections of 

NaYF4:Yb3⁺,Er3⁺@NaGdF@poly(ethylene glycol) 

phospholipid particles loaded with Ce6 [17]. 

In mice bearing S180 sarcoma tumors treated with 

NaYF4:Yb3⁺,Er3⁺ particles loaded with zinc 

phthalocyanine and chitosan – and irradiated twice (3 h 

and 24 h post injection) with a 980 nm laser (0.4 W cm⁻2, 

15 min) – only a slight increase in tumor volume was 

observed, along with high survival rates [18]. 

Injection of NaYF4:Yb3⁺,Er3⁺@CaF₄@poly(acrylic 

acid)hydrazide particles covalently functionalized with 5 

aminolevulinic acid into mice significantly reduced 

tumor size after 980 nm laser irradiation (0.5 W cm⁻2) for 

40 min [19]. 

An in vivo PDT study in mice with CT 26wt tumors 

showed reduced tumor growth following intratumoural 

injection of NaYF4:Yb3⁺, Er3⁺@phosphatidylcholine 

folic acid (FA) particles loaded with 

tetraphenylporphyrin and irradiation at 980 nm 

(1 W cm⁻2, 30 min) [20]. 

Similarly, many organic PSs – such as methylene blue 

[21], Rose Bengal [22], and pyropheophorbide a methyl 

ester [23] – when integrated with UCNPs for NIR 

activated PDT (0.15–1 W cm⁻2; up to 40 min), 

significantly suppressed tumour growth. 

The use of UCNPs with protoporphyrin (PPIX) for 

PDT was investigated in paper [24]. Abundant amino 

groups of a branched PEI with a spatial structure were 

employed to enhance the loading capacity of 

protoporphyrin (PPIX), which ultimately improved the 

rate of skin tumor removal. 

The authors achieved specific tumour treatment 

through the use of FA targeting and active enrichment of 

PPIX. When nanoparticle solutions were injected 

intravenously over a period of 4 weeks, no significant 

pathological morphological changes were observed in 

major organs (liver, heart, kidneys, spleen, and lungs), 

both with and without nanoparticle irradiation. This 

indicates good biosafety of the treatment method. 

In the group treated with nanoparticles without 

irradiation, the tumor cell structure remained ordered, 

and the nuclear shape was complete and well defined. In 

contrast, after irradiation, the tumor tissue was severely 

damaged, and the nucleus was largely destroyed or even 

disappeared. These results demonstrate effective 

anticancer photoactivity while maintaining safety for 

other organs. 

One of the widely used PSs is a porphyrin 

analogue – chlorins (porphyrins hydrogenated at 
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C17 = C18). Among chlorins, chlorin e6 is one of the 

most commonly used in PDT. 

Chlorin e6 selectively accumulates in pathological 

cells. Upon local excitation with light at a wavelength of 

660–670 nm, chlorin e6 becomes activated as a PS within 

pathological cells, initiating a photochemical reaction 

that produces singlet oxygen and other highly reactive 

free radicals, which induce apoptosis. 

Since tumor development often follows a hypoxic 

mechanism, an additional requirement for the effective 

use of chlorin e6 is ensuring sufficient oxygen supply. 

To investigate the impact of hypoxia and achieve an 

antitumor effect by switching the phenotype of tumor 

associated macrophages (TAMs) from the tumor 

promoting M2 type to the tumor suppressing M1 type, 

the authors fabricated NaErF4@NaLuF4 nanoparticles 

decorated with mannose and coated with a macrophage 

membrane (RAW), covered by a silica dioxide layer 

doped with an oxygen carrier – perfluorocarbon (PFC) – 

and chlorin e6 (Ce6), and loaded with the antitumour 

drug paclitaxel (PTX) (UCNP@mSiO₂ PFC/Ce6@RAW 

Man/PTX; ~61 nm; 11.6 mV) [25]. 

The primary UCNPs consisted of lanthanide elements 

(erbium and lutetium) in a core@shell structure and 

emitted light at 660 nm in response to near infrared laser 

irradiation at 808 nm. These nanoparticles had the 

following key properties: 

 efficient generation of singlet oxygen, enabled 

by oxygen supply from the PFC component; 

 high targeting specificity for tumor associated 

macrophages (TAMs), predominantly of the M2 

phenotype; 

 capacity to induce M1 type macrophage 

polarization. 

 M1 macrophages release pro inflammatory 

cytokines and suppress breast cancer growth. The design 

of these nanoparticles thus combined: 

 oxygen delivery (via PFC) to counteract tumor 

hypoxia; 

 PS activity (Ce6) for PDT under NIR 

irradiation; 

 macrophage membrane coating (RAW) for 

improved biocompatibility and targeting; 

 mannose decoration for enhanced recognition 

by TAMs; 

 chemotherapy (PTX) for synergistic antitumor 

action. 

This multifunctional approach aimed to reprogram 

TAMs from a tumor supportive (M2) to a tumor 

suppressive (M1) phenotype, thereby enhancing the 

overall antitumor immune response in hypoxic breast 

cancer. 

4T1 cells (100 μL, 2 × 106 cells) were subcutaneously 

injected into the flanks of mice. When tumor volume 

reached approximately 150 mm3, the mice were 

randomly divided into five groups: G1 – phosphate buffer 

solution (PBS) (no treatment); G2 – UCNPs@mSiO2 

PFC/Ce6; G3 – UCNPs@mSiO2 PFC/Ce6 + 808 nm 

irradiation (1.5 W cm⁻2 for 20 min); 

G4  –  UCNPs@mSiO 2  P FC/Ce6@RAW 

Man/PTX; G5 – UCNPs@mSiO2 PFC/Ce6@RAW 

Man/PTX + 808 nm irradiation. 

The nanoparticle dose was set at 6.5 mg kg⁻1 (130 μg 

total nanoparticle amount), with 0.4, 0.6, and 0.5 mg kg⁻1 

for PFC, Ce6, and PTX, respectively. Laser irradiation at 

808 nm (1.5 W cm⁻2) was applied to each mouse’s tumor 

for 20 min. 

Both PBS and hypoxic UCNPs@mSiO₂ 

PFC/Ce6@RAW Man/PTX (without PFC doping and 

purged with N2) generated very little oxygen 

(total sO2: 19–20%), even 12 and 24 h after intravenous 

administration. However, oxygenated UCNPs@mSiO2 

PFC/Ce6@RAW Man/PTX, with ultrasound stimulated 

oxygenation, significantly increased tumor oxygen levels 

(total sO2 > 40%) 24 h after intravenous injection. 

These results indicate that intravenous administration 

of the nanoparticles successfully delivers a substantial 

amount of oxygen, effectively alleviating hypoxia in 

solid tumors. 

Tumors in G5 mice (treated with UCNPs@mSiO₂ 

PFC/Ce6@RAW Man/PTX plus 808 nm laser 

irradiation) were the most significantly suppressed. This 

is presumably due to the potent antitumor effect arising 

from: polarization of TAMs into tumor suppressive M1 

type macrophages; ROS generation; the combined action 

of paclitaxel (PTX). 

The antitumor effect can also be achieved via 

intratumoural injection of microgels containing 

UCNPs [26]. 

Hb μGels consist of haemoglobin (Hb), bovine serum 

albumin (BSA), chlorin e6 (Ce6), and erbium@lutetium 

doped UCNPs (~35 nm), which efficiently convert 808 

nm irradiation into 660 nm visible light. 

Tumors were established by subcutaneously injecting 

4T1 cells (100 μL, 2 × 106 cells) into the flanks of mice. 

As an optical probe for hypoxia, the authors used 

pimonidazole (2 nitroimidazole), which is specifically 

reduced and binds to intracellular macromolecules in 

hypoxic regions of tumors [27, 28]. 

The authors demonstrated that laser irradiation at 

808 nm alone, or the use of nanoparticles without Ce6, 

did not produce significant hyperthermic or 

photodynamic effects on 4T1 tumor xenografts. 

Cytotoxicity was achieved through ROS mediated 

apoptosis, as well as through intense and sudden thermal 

stress induced by laser heating and additional heat 

delivery to temperatures exceeding 48 °C. Enhanced 

tumor oxygenation was accomplished by: 

 oxygen saturation of the formulations; 

 the use of Hb μGels(+UCNPs/Ce6) 

nanoparticles loaded with ascorbic acid; 

 ultrasound stimulated oxygenation. 

These results indicate that Hb(6) μGels can deliver 

oxygen to hypoxic tumor tissues, thereby helping to 

suppress hypoxic tumor growth. 

Moreover, the use of these gels resulted not only in 

minimal accumulation in the five major tissue organs 

(liver, kidneys, spleen, lungs, and heart), but also in 

negligible changes to tissue histology. This demonstrates 

that the hemoglobin based μGel incorporating UCNPs is 
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biocompatible and safe, making it a promising injectable 

microgel system for therapeutic applications. 

To further alleviate tumor hypoxia, biocompatible 

and environmentally friendly zinc oxide nanoparticles 

(ZnO NPs) with upconversion properties and catalase 

like nanozyme activity were developed [29]. 

As nanozymes, the ZnO NPs can catalyse the 

decomposition of hydrogen peroxide (H2O2) within 

tumours, thereby generating oxygen to support 

photodynamic action and relieve hypoxia. 

In experiments with 4T1 tumors, growth was 

significantly suppressed after implantation of: 

 Ce6 nanoparticles irradiated with a 660 nm 

laser; 

 ZnO Ce6 nanoparticles irradiated with an 

808 nm laser. 

However, the antitumour activity of 808 nm laser 

irradiated ZnO Ce6 NPs was notably higher than that of 

660 nm laser irradiated Ce6 NPs. 

Remarkably, tumors were completely eradicated in 

three out of five mice bearing 4T1 tumors following 

treatment with 808 nm laser irradiated ZnO Ce6 NPs. 

The corresponding tumor growth suppression rates 

were: 

 90.0% for ZnO Ce6 NPs with 808 nm laser 

irradiation; 

 80.2% for Ce6 NPs with 660 nm laser 

irradiation – compared to the control group. 

These findings highlight the potential of ZnO NPs 

with upconversion and nanozyme properties as a 

multifunctional platform for overcoming tumor hypoxia 

and enhancing photodynamic therapy efficacy. 

UCNPs are also used in combination with the 

antitumor drug doxorubicin (DOX) [30, 31]. For 

effective phototargeting, FA was employed as a 

photoactive targeting molecule. In chemotherapy, the 

anticancer drug DOX was thiolated on the surface of 

UCNPs, forming a disulfide bond that can be cleaved by 

lysosomal enzymes inside cells [31]. 

A study demonstrated that long term in vivo toxicity 

tests in mice receiving intravenous injections of 10 mg/kg 

BaGdF5:Yb3⁺/Tm3⁺ with DOX did not reveal significant 

adverse health effects, and survival was observed for 

40 days [30]. 

One derivative of chlorin is meso 

tetrahydroxyphenylchlorin (Temoporfin, THPC, m 

THPC), also known as Foscan. It is a photosensitising 

agent used in photodynamic therapy for the treatment of 

head and neck squamous cell carcinoma. However, there 

are several studies exploring the use of UCNPs with 

THPC for treating other types of cancer. 

The efficacy of UCNP@PMVEMA THPC 

2 conjugates for PDT following NIR light irradiation at 

980 nm was tested in vivo in a study using human 

pancreatic adenocarcinoma (Capan 2) grown 

subcutaneously in athymic nude mice. 

One of the key requirements for the particles is 

surface modification – for instance, using poly(methyl 

vinyl ether alt maleic acid) (PMVEMA) and the PS 

THPC – to ensure their colloidal and chemical stability 

in aqueous media and to enable singlet oxygen generation 

upon NIR irradiation, respectively [32]. 

A coating of alendronate terminated poly[N,N 

dimethylacrylamide co 2 aminoethyl acrylamide] graft 

poly(ethylene glycol) [P(DMA AEM)PEG Ale] was also 

used to ensure chemical and colloidal stability of the 

particles in aqueous physiological fluids, which 

additionally enhances therapeutic efficacy [33]. 

Co doping of Fe2⁺, Yb3⁺, and Er3⁺ ions into the NaYF4 

host triggered upconversion emission in the red region, 

which is dominant for directly exciting THPC. It was 

found that such monodisperse UCNPs – 

NaYF4:Yb3⁺,Er3⁺,Fe2⁺ coated with PMVEMA and 

chemically linked to THPC – efficiently transfer energy 

and generate singlet oxygen. The authors investigated the 

effect of these particles on Capan 2 pancreatic 

adenocarcinoma cells. 

The mice were administered intratumourally with 

PBS (control group), UCNP@PMVEMA particles, or 

UCNP@PMVEMA THPC 2 particles, followed by laser 

irradiation at a wavelength of 980 nm for 3 min at a 

power density of 0.5 W cm⁻2 (except for the negative 

control group). 

It should be noted that a power density of 

< 0.7 W cm⁻2 is the conservative limit established for safe 

exposure of human skin to 980 nm light [34]. 

No significant differences in body weight were 

observed between the groups, indicating the absence of 

adverse effects during the treatment period. The same 

was observed for UCNPs containing chlorin e6 [35]. 

On the first or second day after irradiation, extensive 

necrosis developed in all mice in the group treated with 

UCNP@PMVEMA THPC 2 particles, whereas no 

necrosis was observed in the control group or in the group 

containing UCNP@PMVEMA. 

However, the UCNP@PMVEMA THPC 2 group 

exhibited a statistically significant suppression of tumor 

growth rate, and the tumor volume on day 30 was 

0.35 cm3. 

Thus, the potential of THPC conjugated UCNPs 

coated with PMVEMA in the treatment of pancreatic 

adenocarcinoma – with sufficiently low toxicity – has 

been confirmed. 

The use of THPC and UCNPs in vivo for glioblastoma 

treatment has also been investigated [36]. 

Encapsulation of the dyes THPC and IR 780 into 

NaYF4:Yb3⁺,Er3⁺@PEG particles enabled a promising 

approach to glioblastoma therapy under combined laser 

irradiation at 980 nm (0.8 W cm⁻2) and 808 nm 

(0.36 W cm⁻2) for 5 min. 

In all studies involving THPC, no nanoparticle 

toxicity or tumor changes were observed in the absence 

of laser irradiation. 

Phthalocyanines are actively used in diagnostics and 

PDT. 

In study an energy segmentation strategy was 

employed to synthesise core multi shell UCNPs capable 

of emitting three distinct colors (red, green, and blue) 

when irradiated with different NIR lights (1550 nm, 

808 nm, and 980 nm) [37]. By combining these UCNPs 
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with PSs and nitric oxide (NO) donors, a “smart” PDT 

nanoplatform was developed. 

4T1 tumor cells were subcutaneously injected into 

mice. Although the internalization of UCNPs in living 

organisms depends on their size and surface ligands, 

UCNPs within the 50–250 nm size range are internalized 

via endocytosis. 

The authors investigated PDT using laser irradiation 

at various wavelengths. When tumors reached 

approximately 100  mm3, the mice were randomly 

divided into eight groups (five mice per group): 

 Control Group 1: PBS solution; 

 Control Group 2: UCNPs@mSiO2 ZnPc RBS; 

 Group 3: UCNPs@mSiO2 ZnPc RBS with 

808 nm irradiation; 

 Group 4: UCNPs@mSiO2 ZnPc RBS with 

980 nm irradiation; 

 Group 5: UCNPs@mSiO2 ZnPc RBS with 

1550 nm irradiation; 

 Group 6: UCNPs@mSiO2 ZnPc RBS with 

1550 nm + 980 nm irradiation; 

 Group 7: UCNPs@mSiO2 ZnPc RBS with 

1550 nm/980 nm irradiation; 

 Group 8: UCNPs@mSiO2 ZnPc RBS with 

980 nm/1550 nm irradiation. 

The laser power density was set at 1 W cm⁻2, and the 

irradiation time for each group was 20  min. 

Tumor growth was rapid in Control Group 1, Control 

Group 2, Group 3, whereas tumor growth in Groups 4, 5, 

6, and 7 was somewhat slowed. In contrast, the tumor 

size in Group 8 was the smallest, indicating that tumor 

growth was significantly suppressed by programmed 

phototherapy – specifically, by the sequential release of 

NO followed by ROS. 

No significant decrease or increase in body weight 

was observed, indicating good biocompatibility of the 

developed nanocomposites. 

Histological analysis of tumors and major organs 

showed that the most pronounced apoptosis or necrosis 

and nuclear shrinkage occurred in the 980 nm/1550 nm 

group. 

No obvious damage to the major organs (heart, liver, 

spleen, lungs, and kidneys) was detected, suggesting that 

the UCNPs@mSiO2 ZnPc RBS do not exhibit short term 

toxicity and demonstrate great potential for clinical 

application. 

The simultaneous action of two photosensitive agents 

– MC540 (merocyanine 540) and FePc (iron 

phthalocyanine) – was investigated in the study [38]. 

The authors developed UCNPs 

NaErF4@NaYbF4@NaYF4 coated with mesoporous 

silica loaded with MC540 and FePc. 

Nude mice were subcutaneously injected with HeLa 

tumor cells. When the tumor size reached approximately 

100 mm3, the mice were randomly divided into five 

groups (three mice per group): 

 Group 1: PBS injection only (control group); 

 Group 2: UCNPs@mSiO2 FePc MC540 

injection with 980 nm laser irradiation; 

 Group 3: UCNPs@mSiO2 MC540 injection 

with 1550 nm laser irradiation; 

 Group 4: UCNPs@mSiO2 FePc injection with 

1550 nm laser irradiation; 

 Group 5: UCNPs@mSiO2 FePc MC540 

injection with 1550 nm laser irradiation. 

The laser power density was 235 mW cm⁻2, and the 

irradiation time for each group was 10 min. 

The group treated with UCNPs@mSiO2 FePc MC540 

plus 1550 nm light showed the greatest cell reduction and 

apoptosis. 

Moreover, no significant damage or lesions were 

observed in the major organs (heart, liver, spleen, lungs, 

and kidneys) across the different groups. This also 

indicates that the developed nanoagents UCNPs@mSiO2 

FePc MC540 do not exhibit pronounced toxicity in mice. 

One of the mechanisms of PDT may be the 

stimulation of iron dependent lipid peroxidation – 

ferroptosis. 

The authors developed a nanozyme that responds in 

the NIR region. It features a uniform dispersion of Fe 

atoms on a g C3N4 doping network within a mesoporous 

upconversion structure (UmFe), followed by coating 

with a hybrid platelet membrane (hPM) and oleanolic 

acid (OA) to obtain UmFe OA@hPM [39]. 

To establish a primary tumor model, 100 μL of a 4T1 

cell suspension (106 cells per mouse) was subcutaneously 

injected into the right flank of 6 week old male BALB/c 

mice. When the tumor volume approached 150 mm3, the 

therapeutic agents were administered intravenously to the 

mice five times, with a 4 day interval between doses 

(UmFe dose = 10 mg kg⁻1; OA dose = 0.5 mg kg⁻1). 

Laser irradiation (1 W cm⁻2, 15 min) was applied 

24 h after the injection. In addition to excellent antitumor 

efficacy, UmFe OA treatment exhibited virtually no 

serious toxic effects on mice and normal tissues, as 

evidenced by the mice’s weight chart and H&E staining 

of major organs. 

The highest nanoparticle accumulation was observed 

24–48 h after intravenous administration. Samples coated 

with hPM demonstrated a higher tumor targeting 

capability while reducing accumulation in the liver 

compared to liposomal NPs. 

UmFe OA showed high antitumor efficacy – 74% 

among all therapeutic groups. This can be attributed to 

the synergistic enhancement of ferroptosis upon NIR 

treatment, compared to induction solely via the Fenton 

reaction. A similar trend was observed without laser 

irradiation, but the overall antitumour efficacy was lower 

due to the slower rate of the Fenton reaction. 

In samples (G5) and (G6) with UmFe OA@hPM, 

tumor cell density was significantly lower compared to 

samples from other groups. These two laser treated 

groups also exhibited the highest level of TUNEL 

fluorescence. 

Besides its significant antitumor efficacy, UmFe 

OA(+) treatment showed virtually no serious toxicity to 

mice and normal tissues. 

The effect of PDT using UCNPs on ferroptosis was 

investigated in the study [40]. 
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The authors developed a nanoplatform (ApoE 

UMSNs GOx/SRF) based on UMSNPs 

(UCNPs@mSiO2). A layer of mesoporous silica and a 

lipid bilayer were sequentially deposited onto the 

UCNPs, with glucose oxidase (GOx) and the multikinase 

inhibitor sorafenib (SRF) loaded onto them, respectively. 

Subsequently, the apolipoprotein E (ApoE) peptide was 

attached. 

The UCNPs used convert NIR radiation into UV 

light. This enables the reduction of iron ions (Fe3⁺) to 

Fe2⁺, which is critical for initiating ferroptosis. 

The antitumor efficacy of ApoE UMSNs GOx/SRF 

was studied in vivo using an orthotopic glioma G422 

model. The antitumor efficacy of ApoE UMSNs 

GOx/SRF was evaluated with and without NIR light 

treatment. 

Tumor bearing mice were randomly assigned to six 

groups to evaluate antitumor efficacy as follows: 

(1) control; (2) UMSNs Gox; (3) UMSNs SRF; 

(4) UMSNs Gox/SRF; (5) ApoE UMSNs GOx/SRF; and 

(6) ApoE UMSNs GOx/SRF + NIR (doses: SRF: 

20 mg/kg and GOx: 40 μg/kg; n = 6 per group). 

The tumors were exposed to laser irradiation at 

808 nm (0.5 W/cm2, 5 min). 

The UMSNs GOx/SRF nanoparticles demonstrated 

enhanced tumor growth inhibition (TGI), which may be 

attributed to an improved Fenton reaction induced by 

GOx – resulting in additional H2O2 production through 

catalysed glucose oxidation. 

The use of ApoE UMSNs GOx/SRF further reduced 

the tumor growth rate, achieving a TGI of 90.3%, which 

is significantly higher than that of UMSNs GOx/SRF 

(81%). 

The antitumor effect of ApoE UMSNs GOx/SRF was 

enhanced by laser irradiation at 808 nm (0.25 W/cm2, 

5 min) administered 6 h after ApoE UMSNs GOx/SRF 

injection. In this group, the TGI reached 97.2%, and 

glioma growth was successfully suppressed. These 

results indicate that light mediated Fe2⁺ regeneration 

induced by ApoE UMSNs GOx/SRF – combined with 

H2O2 generated by GOx – can effectively enhance the 

antitumor effect. 

Treatment with ApoE UMSNs GOx/SRF caused a 

significant decrease in ferroptosis related protein (xCT) 

expression, from 36.5% to 16.9%. NIR irradiation further 

reduced xCT expression to 8.98%, which can be 

explained by NIR induced enhancement of ferroptosis 

mediated by UCNPs. These findings suggest that ApoE 

UMSNs GOx/SRF inhibits GBM through NIR enhanced 

ferroptosis. 

Throughout the study, no significant body weight loss 

was observed. Serum biochemistry and histological 

analyses of major organs showed all parameters within 

normal ranges, indicating minimal toxicity of the 

developed formulations. 

Study demonstrated the phototoxicity of UCNPs 

supplemented with flavin mononucleotide 

(Pharmstandart®) in PDT [41]. In tumors treated with 

UCNPs followed by irradiation at 975 nm, a sharp 

decrease in nucleated cells was observed. Additionally, 

some tumor areas were filled with eosinophilic material 

or empty spaces devoid of cells. PDT caused vascular 

rupture with extensive haemorrhages in tumour tissue. 

A nanohybrid combining UCNPs and metal – organic 

frameworks (MOFs) exhibits a unique heterogeneous 

structure that facilitates efficient energy transfer from 

UCNPs to MOFs, thereby enhancing NIR activated 

photodynamic therapy [42]. 

In the study, mice bearing HepG2 tumors were 

administered nanoparticles intravenously at a 

concentration of 4 mg/mL (100 mL). Tumors were 

irradiated 8 h post injection using a 980 nm laser 

(1.5 W cm⁻1, 10 min total irradiation time with a 2 min 

break after the first 2 min of irradiation). Additional 

injections and treatments using the same parameters were 

performed every two days. After 14 days of treatment, 

the mice were euthanized. 

Post treatment analysis revealed suppressed 

proliferation and apoptosis of tumor cells. The 

nanoparticles’s ability to alleviate hypoxia in solid 

tumors was also confirmed. This effect is primarily 

attributed to the catalytic activity of the nanoparticles, 

which decomposed intracellular H2O2 and produced O₂ 

within the tumor microenvironment. This process 

enhanced the efficacy of oxygen dependent type II PDT 

in vivo. 

Experiments showed that 6 h after injection, the 

nanoparticles distributed to all organs (brain, liver, 

kidneys, spleen, lungs, and tumors), with most of them 

detected in the kidneys, spleen, liver, and tumors. After 

48 h, they were almost completely metabolised in all 

organs except tumor tissues. Immunohistochemical 

experiments revealed no significant changes in the 

morphology of each tissue across all treatment groups. 

Hematological parameters showed no noticeable 

differences from the control group. 

Pharmacological activity has been described with 

intravenous administration of UCNP to animals with 

tumors, but safety has been described with intratracheal 

administration of UCNP to healthy animals. This can be 

explained by the fact that, along with reducing systemic 

toxicity, the inhalation method can cause complications 

directly upon administration [43, 44]. 

The dependence of toxicity on such parameters as 

particle type, PS, dose, irradiation, model and result, 

summarizing the reviewed articles, is presented in 

Table 1. 

It has been shown previously that the most non-toxic 

concentration identified across studies is 2 mg/mL 

(see Part I of this Overview). For mice, the maximum 

permissible dose for short-term exposure (12 h) is 

10 mg/kg, and for long-term exposure (120 days) is 

50 mg/kg. For rats, a dose of 5 mg/kg is safe for both 

short- and long-term studies of dark toxicity. Dark 

toxicity occurs at higher doses than phototoxicity (e.g., 

dark: 50 mg/kg for 120 days; photo: 10 mg/kg for 

40 days). 
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Table 1 The dependence of toxicity on such parameters as particle type, PS, dose, irradiation, model and result. 

Particle type / coating 
Photosensitizer 

(PS) / drug 
Dose (mice) 

Irradiation 

(NIR) 
Model 

Toxicity & 

efficacy result 
Ref. 

YOF:Yb,Tm@YOF:Yb 

+ mesoporous silica + 

DEX (USDPFs) 

Dexamethasone 

(DEX) 

5 mg/kg 

(intratracheal or 

i.v.) 

980 nm, 

3×10 min, 

1 W/cm2 

C57BL/ 

6 mice (lung 

I/R injury) 

No inflammatory 

cell infiltration or 

necrosis in heart, 

lung, liver, 

spleen, kidney; 

NIR-triggered 

DEX release 

reduced lung I/R 

injury 

[1] 

DUCNP@Mn-MOF 
FOE (evodiamine 

derivative) 
not specified 

not specified 

(chemodynamic 

+ chemo) 

Breast 

cancer 

mouse 

model 

High tumor 

targeting, tumor 

suppression, 

no significant 

toxicity 

[5] 

NaYF₄:Yb,Tm + 4T1 

cancer cell membrane + 

melittin 

(U ACPT@MM) 

9-

aminocamptothecin 

(ACPT) 

Melittin 1 mg/kg 

(i.v., days 0,3,6) 

808 nm, 

0.8 W/cm2, 

20 min 

(days 2,5,8) 

4T1 breast 

cancer 

Tumor growth 

inhibition, lung 

metastasis 

suppression; 

increased 

TNFα/IFNγ; no 

organ damage 

(heart, liver, 

spleen, lung, 

kidney) 

[6] 

TiO₂/(Ca,Y)F₂:Tm,Yb 

(femtosecond laser 

treated) 

none (ROS 

generation) 
not specified 

NIR 

(980 nm) 

CFPAC-1 

pancreatic 

tumor (nude 

mice) 

Tumor growth 

inhibition (not 

eradication); no 

large-area tumor 

cell killing due to 

hypoxia 

[10] 

NaGdF4:Yb,Nd,Tm + 

TCI 

thiochromenocarbaz

ole imide (TCI) 
not specified 808 or 980 nm HeLa tumor 

Low dark 

toxicity, imaging 

possible, but no 

significant tumor 

growth inhibition 

[9] 

UCNP@Glu-DMMA 

(charge reversal, 

glucose targeting) 

none (PDT via 

ROS) 
not specified 

980 nm, 

0.8 W/cm2, 

15 min (30 s 

on/60 s off) 

HeLa tumor 

(nude mice) 

Significant tumor 

reduction, 

minimal organ 

damage/inflamma

tion 

[12] 

NaYF4:Yb,Er@PEG Chlorin e6 (Ce6) 
not specified 

(intratumoral) 

980 nm, 

0.5 W/cm2, 

30 min 

4T1 breast 

cancer 

Significant 

reduction in 

tumor growth rate 

[16] 

NaYF4:Yb,Er@NaGdF

@PEG-phospholipid 
Ce6 not specified (i.v.) 

980 nm, 

0.6 W/cm2, 

5 min 

U87MG 

glioblastoma 

Tumor growth 

reduction 
[17] 

NaYF4:Yb,Er + 

chitosan 
Zinc phthalocyanine not specified 

980 nm, 

0.4 W/cm2, 

2×15 min 

(3 h & 24 h 

post inj.) 

S180 

sarcoma 

Slight tumor 

volume increase, 

high survival 

[18] 

NaYF4:Yb,Er@CaF4@

PAA-hydrazide 

5-aminolevulinic 

acid 
not specified 

980 nm, 

0.5 W/cm2, 

40 min 

not specified 
Significant tumor 

size reduction 
[19] 
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Table 1 (Cont.)  

NaYF4:Yb,Er@phosph

atidylcholine-FA 
Tetraphenylporphyrin 

not specified 

(intratumoral) 

980 nm, 

1 W/cm2, 

30 min 

CT26wt 

colon cancer 

Reduced tumor 

growth 
[20] 

UCNP + branched PEI 

+ FA 

Protoporphyrin 

(PPIX) 

not specified 

(i.v., 4 weeks) 
not specified Skin tumor 

No organ damage 

(liver, heart, 

kidney, spleen, 

lung); irradiation 

caused severe 

tumor destruction 

[24] 

NaErF4@NaLuF4 + 

macrophage membrane 

+ mannose + 

SiO2(PFC) + Ce6 + 

PTX 

Ce6 + paclitaxel 

(PTX) 

6.5 mg/kg UCNP 

(0.4/0.6/0.5 mg/kg 

for PFC/Ce6/PTX) 

808 nm, 

1.5 W/cm2, 

20 min 

4T1 breast 

cancer 

Most significant 

tumor 

suppression; 

increased tumor 

O2 (>40% vs 19–

20% controls); no 

toxicity reported 

[25] 

Hb/BSA/Ce6/Er@Lu 

microgels (Hb μGels) 
Ce6 

not specified 

(intratumoral) 
808 nm 

4T1 breast 

cancer 

ROS + thermal 

stress (>48°C); 

hypoxia relief; 

minimal organ 

accumulation, no 

histology changes 

[26] 

ZnO NPs (catalase-like, 

upconversion) 
Ce6 not specified 

808 nm 

(ZnO-Ce6) vs 

660 nm 

(Ce6 alone) 

4T1 breast 

cancer 

90% suppression 

(808 nm ZnO-

Ce6) vs 80.2% 

(660 nm Ce6); 

3/5 mice cured; 

hypoxia relieved 

[29] 

BaGdF5:Yb,Tm Doxorubicin (DOX) 10 mg/kg (i.v.) not specified not specified 

No adverse 

effects; survival 

40 days 

[30] 

NaYF4:Yb,Er,Fe@PM

VEMA 
THPC (Foscan) 

not specified 

(intratumoral) 

980 nm, 

0.5 W/cm2, 

3 min 

Capan-2 

pancreatic 

adenocarcin

oma (nude 

mice) 

Day 30 tumor 

volume 0.35 cm3; 

extensive 

necrosis by day 

1–2; no body 

weight loss 

[32] 

NaYF4:Yb,Er@PEG THPC + IR780 not specified 

980 nm (0.8) 

+ 808 nm 

(0.36 W/cm2), 

5 min 

Glioblastoma 

No toxicity 

without laser; 

effective therapy 

[36] 

Core-multishell UCNPs 

(1550/808/980 nm) + 

mSiO2 + ZnPc + RBS 

(NO donor) 

Zn-phthalocyanine 

(ZnPc) + NO donor 
not specified 

1 W/cm2, 

20 min, 

various 

sequences 

4T1 breast 

cancer 

Sequential 

980→1550 nm 

best suppression; 

no organ damage, 

no weight change 

[37] 

NaErF4@NaYbF4@Na

YF4@mSiO2 
MC540 + FePc not specified 

1550 nm, 

235 mW/cm2, 

10 min 

HeLa 

(nude mice) 

Best cell 

reduction with 

dual PS; no organ 

lesions 

[38] 

UmFe (Fe/g-C3N4 on 

mesoporous UCNP) + 

platelet membrane 

(hPM) + oleanolic acid 

(OA) 

OA (ferroptosis) 

UmFe 10 mg/kg, 

OA 0.5 mg/kg (i.v., 

5 doses, 

4-day interval) 

1 W/cm2, 

15 min (24 h 

post inj.) 

4T1 breast 

cancer 

74% antitumor 

efficacy; no 

serious toxicity; 

highest TUNEL 

in laser groups 

[39] 
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UCNP@mSiO2 + lipid 

bilayer + ApoE (ApoE 

UMSNs GOx/SRF) 

Glucose oxidase 

(GOx) + sorafenib 

(SRF) 

SRF 20 mg/kg, 

GOx 40 μg/kg 

808 nm, 

0.5 W/cm2, 

5 min 

Orthotopic 

G422 glioma 

TGI 97.2% 

(laser) vs 90.3% 

(no laser); 

reduced xCT 

expression; no 

weight loss, 

normal 

serum/organ 

histology 

[40] 

UCNPs (unspecified) 
Flavin 

mononucleotide 
not specified 975 nm 

Tumor 

model 

Sharp decrease in 

nucleated cells, 

vascular rupture, 

hemorrhages 

[41] 

UCNP + MOF 

(heterostructure) 

none (O2 generation 

from H₂O₂) 

4 mg/mL, 100 mL 

(i.v.) 

980 nm, 

1.5 W/cm, 10 

min (2 min 

on/2 min off), 

every 2 days 

HepG2 

tumor 

Hypoxia relief; 

nanoparticle 

cleared by 48 h 

except tumor; no 

organ 

morphology 

changes 

[42] 

 

2 Conclusion 

This review examined the in vivo phototoxicity of 

upconversion nanoparticles (UCNPs) in photoinduced 

drug delivery, photodynamic therapy (PDT), and 

multimodal therapies.  

UCNPs activated by NIR irradiation (808/980 nm, 

0.15–1.5 W/cm2, 3–40 min) demonstrate targeted 

phototoxicity confined to tumors. No significant damage 

to major organs (heart, liver, spleen, lungs, kidneys) was 

observed across numerous studies. 

The doses of UCNP in the range of 5–10 mg/kg 

(single or repeated administration) did not cause 

histological changes in internal organs and did not lead 

to death of animals for up to 40 days of observation. From 

the point of view of clinical translation, it is important to 

know what happens to experimental animals in the long 

term up to 40 days, but unfortunately, for the specified 

types of particles, this information was not found in the 

articles. 

Significant tumor suppression was achieved in breast 

cancer, pancreatic adenocarcinoma, cervical carcinoma, 

glioblastoma, colorectal cancer, and others. Complete 

eradication occurred in some cases (e.g., ZnO-Ce6 NPs: 

90% suppression, 3/5 mice cured). 

Photosensitizers are safe. Ce6, THPC, ZnPc, PPIX, 

methylene blue, and others showed no additional 

systemic toxicity while enabling efficient singlet oxygen 

generation. 

Hypoxia alleviation improves efficacy. Oxygen 

carriers (perfluorocarbons, hemoglobin, catalase-

mimicking ZnO) increased tumor O2 levels (>40% vs. 

19–20% controls), enhancing PDT outcomes. 

Multimodal combinations are safe. UCNPs combined 

with chemotherapy, PTT, CDT, immunotherapy, 

radiotherapy, or cryotherapy showed enhanced efficacy 

without increased toxicity (e.g., TGI up to 97.2% in 

glioblastoma). 

PEG, silica, PMVEMA, and cell membranes (cancer, 

erythrocyte, platelet, macrophage) ensured low toxicity. 

Charge-reversal coatings improved tumor targeting. 

UCNPs cleared within 48 h to 40 days via 

fecal/urinary routes, with minimal long-term retention. 

Studies up to 40 days showed no weight loss, 

behavioral changes, or organ damage at recommended 

doses. 

The safety profile and efficacy support further 

development of UCNPs for deep-tissue cancer therapy 

and theranostics. 

UCNPs exhibit low phototoxicity at established doses 

(mice 5–50 mg/kg). Multimodal platforms enhance 

efficacy without compromising safety, positioning 

UCNPs as promising agents for precision oncology. 
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Abstract. The aim of this study was to develop an irradiant exposure strategy 
able to control validity of the exposure reciprocity law upon exposing tarso-
conjunctival tissue to ultraviolet A (UVA) radiation as a treatment for 
palpebral laxity, and thus to establish a research-based criterion for 
implementing optimal irradiation levels in clinical settings. Tarso-conjunctival 
specimens were harvested postmortem from ovine and caprine eyelids and 
exposed to UVA radiation (365 nm) in specified conditions. Thermographic 
infrared analysis was applied to monitor the photothermal response. By 
performing irradiation in the presence of a photosensitizer (riboflavin) a 
photochemomechanical response was also determined based on changes in 
mechanical properties as evaluated in a mechanical tester. A graphical method 
was employed to define the failure zones of reciprocity law when applied to 
radiation-induced photoresponses. Discontinuities in law’s validity were 
found and confirmed by descending values of Schwarzschild’s p-coefficients. 
The photothermal response showed that law’s failure zone centered on an 
irradiance of 30 mW/cm2 in both sheep and goat tissues, for radiant exposures 
between 6 and 18 J/cm2. The photochemomechanical response indicated a 
failure onset around 60 mW/cm2. Anticipating the concept of safest 
application route, an irradiance of 30 mW/cm2 appeared an appropriate upper 
limit for the validity zone of reciprocity law, as indicated by the photothermal 
response, at exposure durations assuring a radiant exposure between 5 and 
20 J/cm2. 
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1 Introduction 

A method has been developed in our laboratories aimed 

at reinforcing mechanically the tarsal plate in the eyes 

afflicted by palpebral laxity, which is associated 

with a range of conditions such as floppy eyelid 

syndrome, entropion, ectropion and ptosis, and may 

affect the performance of meibomian glands. There is 

evidence [1–6] that tarsal laxity is linked to deficient 

biosynthesis of elastin and collagen, and to 

disarrangement of their networks.  

Surgical procedures are frequently employed for 

treating eyelid laxity. According to the principle of our 

proposed method, the exposure of the tissue to ultraviolet 

radiation A (henceforth, UVA) in the presence of 

photosensitizers, such as riboflavin, can lead to an 

increase in both tensile strength and stiffness of the 

tarsus. Such mechanical enhancement is a consequence 

of the photochemical crosslinking of tarsal collagen, and 

could result in reversing the excessive palpebral laxity or 

in forestalling its post-surgical recurrence. We have 

confirmed augmentative mechanical effects both in 

ex vivo animal tissue (sheep) [7, 8] and in human 

cadaveric tissue [9], and other investigators have 

confirmed our findings in ex vivo tarsal plate specimens 

of animal (rat) or human origin [10–13]. The biological 

safety of tarsal collagen crosslinking procedure 

(henceforth, TXL) is critical for its therapeutic 

applications pertaining introduction to clinical practice. 

UVA radiation (conventionally between the wavelengths 

315 and 400 nm) is less energetic than other UV regions, 

and is regarded as a non-ionizing and non-thermal 

radiation; however, it can still be deleterious to cells and 

tissues. Effects of UV radiation on skin [14–18] and 

ocular tissues [19–22] have been extensively 

investigated, but the scope was confined mainly to 

natural radiation as generated by the sun.  

The effect of artificially sourced UVA radiation in 

non-cutaneous medical applications has been sparingly 

reported. In fact, most information on the subject comes 

from ophthalmology, where a therapeutic application of 

UVA-induced corneal stromal collagen crosslinking 

(henceforth, CXL) proved to be a successful treatment 

for keratoconus, an ectatic corneal disorder associated 

with severe visual disability. Using established 

UVA/riboflavin crosslinking protocols, progression of 

keratoconus can be effectively arrested due to 

mechanical reinforcement of the cornea that is 

induced through the photocrosslinking of stromal 

collagen [23–30]. Based on its additional germicidal and 

anti-inflammatory effects, UVA radiation was 

subsequently applied to treat other cornea disorders 

including pellucid marginal degeneration, postsurgical 

ectasia, refractive myopia, infectious keratitis, and 

bullous keratopathy [23, 31, 32] with some 

improvements in visual acuity and keratometric 

parameters.  

When applying therapeutically the UVA radiation to 

various segments of the eye, it is essential to avoid injury 

to the target tissue and adjacent tissues caused by 

exposure to radiation, a process entirely dependent on the 

radiant exposure (i.e., the energy of radiation delivered 

and absorbed by the target), which in turn is determined 

by both irradiance (i.e., the power of radiation delivered 

to the target) and exposure time, in agreement with an 

inverse proportionality relationship, as discussed later in 

depth. While for CXL a number of protocols have been 

developed which proved to be safe when applied in the 

clinic, aspects of the biological safety of TXL have been 

much less investigated [7–13, 33, 34]. Our study aims 

primarily at providing a scientific foundation for a 

rational selection and implementation of safe irradiation 

boundaries. 

2 Methods and Materials 

2.1 Materials 

Eyelids were dissected postmortem and collected on site 

from domestic sheep (Ovis aries) and goat (Capra 

hircus) cadavers supplied by Brisbane Valley Meats Pty 

Ltd, Esk, Queensland, Australia. The supplier is an 

abattoir unit operating under the rules of the Australian 

Code of Practice of the Animal Welfare Standards for 

Livestock Processing Establishments (2001), the 

Australian Animal Welfare Standards and Guidelines for 

Sheep (2016), and the Australian Industry Welfare 

Standards and Guidelines for Goats (v. 03, 2020). The 

animals were slaughtered solely for commercial 

purposes, and the eyelid tissue would have been 

discarded if not acquired by us for the present study. 

Animals were between 1 and 2 years old at the time of 

sacrifice.  

Riboflavin 5΄-phosphate monosodium salt (RF-5P) 

was supplied by Cayman Chemical Co. (Ann Arbor, MI, 

USA). A solution of RF-5P in phosphate-buffered saline 

(PBS), at a concentration of 0.25% w/v, was applied only 

to the tissue specimens designated to undergo 

photocrosslinking. 

2.2 Infrared Thermographic Analysis 

Fifty full-thickness eyelid specimens were excised 

postmortem from the ocular adnexa of sheep and goat 

eyes that were refrigerated for less than 24 h. Eyelashes 

were trimmed, and the specimens were soaked for 30 min 

at room temperature in PBS solution. Each sample was 

then removed from solution and placed on a Petri dish 

with the conjunctival side facing upwards. Any excess of 

liquid was carefully blotted out with Kimwipe® paper 

tissues.  

A thermal camera model FLIR C5 (FLIR Systems 

Australia Pty Ltd, Mulgrave, Victoria, Australia) with a 

thermal sensitivity of less than 0.07 °C was used for 

thermographic analysis following instrument calibration. 

As a source of radiation, the UV Curing System 

OmniCure® 1500 (Excelitas Technologies Corp., 

Waltham, MA, USA) was employed. To determine the 

level of irradiance at the exposure site, a radiometer 

Dymax ACCU-CAL 50 (Dymax Corp., Torrington, CT, 

USA) was used for the pre-irradiation adjustment of the 

distance between the UV source and tissue surface.  
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Fig. 1 Thermographic images recorded (A) before and (B) after the exposure to UVA radiation (365 nm) of a tarso-

conjunctival specimen (goat eyelid) at an irradiance of 75 mW/cm2 for an exposure time of 240 s. 

Total radiant exposure: 18 J/cm2. 

 

Fig. 2 Photographic image of a tarso-conjunctival 

specimen excised from goat eyelid: 1 – lid margin; 

2 – palpebral conjunctiva. 

The samples were each exposed for variable durations to 

UVA radiation (365-nm wavelength), at 10 different 

irradiances from 5 to 150 mW/cm2, assuring radiant 

exposures of 6, 13.5, and 18 J/cm2, respectively. Five 

specimens were used at each irradiance. The data were 

presented as mean values ± s.e.m. 

The infrared camera mounted on a tripod was placed 

at a distance of ca 20 cm from the sample. The 

measurement spot (the ‘spotmeter’) on the camera screen 

was positioned onto the surface of the conjunctiva as 

centrally as possible. During each irradiation episode, the 

thermal images were recorded at the temperature on the 

target spot for a period corresponding to the target radiant 

exposure, and the baseline measurement prior to 

irradiation was also included. During experiments, the 

ambient temperature in laboratory was between 21 and 

23 °C. The baseline temperature, i.e., the temperature of 

the conjunctival surface prior o irradiation, was 

comparable in all experiments (20.0±1.4 °C). Fig. 1 

shows a typical thermographic image recorded during 

measurements before and after exposure at a radiant 

exposure of 18 J/cm2, resulting from an irradiance of 

75 mW/cm2 applied for 240 s. 

2.3 Photocrosslinking of Tarso-Conjunctival 

Tissue 

Eighty tarso-conjunctival specimens were harvested 

postmortem from the upper eyelids of goats following a 

surgical technique we have previously described in 

detail [9] for the dissection of equivalent human 

cadaveric tissue. Fig. 2 shows a tarso-conjunctival 

specimen as excised from the eyelid of a goat before its 

exposure to UVA radiation. 

Each specimen was soaked in the RF-5P solution 

(0.25%) for 30 min, and then exposed to UVA (365-nm 

wavelength) radiation on the conjunctival side of the 

eyelid, using the protocol described in the previous 

section. After irradiation, all samples were stored in PBS 

until further processing and evaluation. 

2.4 Biomechanical Analysis 

Each tissue specimen was subjected to mechanical 

testing, both prior and after crosslinking. The Instron® 

Materials Testing System Model #5943 (Instron, 

Norwood, MA, USA), equipped with a 50-N load cell, 

was used to obtain stress-strain plots under uniaxial 

loading. Tarsal strips were secured using pneumatic grips 

set to a gauge length of 14 mm and submerged in PBS 

buffer at 21.5 ± 1 °C in a BioPuls™ unit for the duration 

of testing. A tensile preloading of 30 mN was applied at 

the elongation rate of 0.01 mm/s. Subsequently, 15 cyclic 

tensile loading-unloading tests were performed to 10% 

displacement (strain) at a rate of 1%/s. The final cycle 

(#15) was used to determine the stress (σ) at 10% strain 

and to compute Young’s modulus (MY). The specimens 

were then removed from the mechanical tester, exposed 

to irradiation in order to accomplish crosslinking, and re-

evaluated in the tester after soaking in PBS for at least 

30 min. 

3 Results 

Fig. 3 shows the plots of the maximum temperature 

increase (ΔT) at the conjunctival surface as a function of 

irradiance (Ee), at three different levels of radiant exposure 

(He) in two different animal eyelids, sheep (Fig. 3A) and 

goat (Fig. 3B). 
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Fig. 3 Graphical method to assess the validity of Bunsen-Roscoe law and to quantify the value of Schwarzschild’s 

p-coefficients based on the photothermal response (ΔT) in irradiated tarso-conjunctival specimens excised from (A) sheep 

and (B) goat eyelids, and exposed to UVA radiation (365 nm). Thermographic analysis was conducted at three different 

levels of radiant exposure (6, 13.5, and 18 J/cm2). Each data point value is an average of 5 measurements ± s.e.m. 

Zone I – validity zone; zone II – failure zone. The inclination angle (θ) is indicated for each plotted line. 

 

Fig. 4 Graphical method to assess the validity of Bunsen-Roscoe law and to quantify the value of Schwarzschild’s 

p-coefficients based on the photochemomechanical responses as defined by increases of (A) stiffness (ΔMY) and 

(B) strength (Δσ) in the irradiated tarso-conjunctival specimens exposed to UVA radiation (365 nm). Tissue specimens 

were excised from goat eyelid. The measurements were completed at a radiant exposure of 13.5 J/cm2. Each data point 

value is an average of 8 measurements ± s.e.m. Zone I – validity zone; zone II – failure zone. The inclination angle (θ) is 

indicated for each plotted line. 

When Young’s modulus (MY) and stress (σ), 

measured in MPa units, were selected as the target 

photoresponses, the resulting plots are shown in Fig. 4, 

where the calculated percent increase of either MY 

(Fig. 4A) or σ (Fig. 4B) were plotted against irradiance at 

a radiant exposure of 13.5 J/cm2. 

4 Discussion 

To deal with a rather confusing amalgam of terms in 

current use for the quantities employed in radiometry, 

photometry, and astrophotography, we followed here the 

radiometric terminology and symbols recommended by 

the International Standard ISO 80000–7:2019 [35]. 

Terms such as ‘fluence’ and ‘energy dose’ for radiant 

exposure (He, J/m2), or ‘intensity’, ‘flux’, ‘flux density’, 

‘fluence rate’ and ‘illuminance’ for irradiance 

(Ee, W/m2) are no longer recommended and should be 

avoided or used only in specified circumstances. In 

fairness, when perusing photochemical or 

photobiological publications, it seems unlikely that those 

terms will be abandoned soon [36]. 

4.1 Significance of Bunsen-Roscoe/ 

Schwarzschild Law 

Radiation-induced photochemical and photobiological 

processes and their physicochemical effects on matter are 

due entirely to the total amount of electromagnetic 

radiant energy absorbed per unit area by the material 

target, i.e., the radiant exposure [37–39]. A 

photoresponse (symbolized by 𝒫) is dependent on the 
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product of the two individual quantities that actually 

define the radiant exposure itself, namely the irradiance 

(Ee) and the duration of exposure (t). In principle, this can 

be expressed by Eq. (1). 

𝒫 = 𝑓(𝑥𝑦), 𝑤ℎ𝑒𝑟𝑒 𝑥 = 𝐸𝑒  𝑎𝑛𝑑 𝑦 = 𝑡. (1) 

Furthermore, the same response will be observed 

when the target receives the same total radiant exposure, 

irrespective of how the energy was delivered; it is the 

total absorbed energy that actually matters, not the 

method of exposure. By either applying a higher 

irradiance for a shorter duration, or a lower irradiance for 

a longer duration, the same effect of the irradiation shall 

be achieved. The law can be expressed mathematically 

through any of the inverse variation relationships in 

Eq. (2a) or (2b). In other words, when targeting a certain 

photoresponse in an irradiated system, one variable 

quantity, either Ee or t, can be expeditiously changed 

while modifying the other one in order to maintain 

constant the product of their multiplication. 

𝐸𝑒 ∝ 1 𝑡⁄ , (2a) 

𝐸𝑒𝑖 × 𝑡𝑖 = 𝑐𝑜𝑛𝑠𝑡, ∀𝑖 ∈ {1,2, … , 𝑛}. (2b) 

In essence, as long as the multiplication product of 

irradiance and exposure time is the same, the 

photoresponse shall be the same. This law is known as 

Bunsen-Roscoe law (henceforth, BRL), acknowledging 

the two 19th century scientists who demonstrated it 

experimentally using photographic films [40, 41], and is 

alternatively known as the ‘exposure reciprocity law’. 

The law also stipulates that a certain radiant exposure 

will remain the same regardless whether the duration of 

exposure is continuous or interrupted within the same 

experiment [42, 43]. While BRL is seldom regarded as 

one of the fundamental laws of photochemistry [44, 45], 

alongside Grotthuss-Draper law and photochemical 

equivalence law (known also as Stark-Einstein 

law) [37, 39], it can, however, be interpreted as a 

quantitative expression of the former [38]. BRL is also 

applied in vision science for investigating how the eye 

perceives very short flashes of light, where is known as 

Bloch’s law, named after the scientist who was the first 

to relate the concept to vision [46], apparently without 

being aware of the existence of BRL. The role and 

limitations of BRL and Bloch’s law in eye perception 

have been investigated to some extent [47–51]. 

The above statements, as well as the relationships in 

Eqs. (2a) and (2b) themselves, are only valid as long as 

the experimental data comply with the law. However, 

failures of BRL have been noted in the past [52–62], and 

are still reported [43, 63–67]. In general, the reciprocity 

law holds for photochemical processes, with deviations 

noted usually at extreme levels of irradiance. In irradiated 

biological systems, the failure of BRL is expected to be 

more significant, considering that the responses of cells 

and tissues involve complex interacting mechanisms, 

photoreactivation repair processes, and involvement of 

photosensitizing biomolecules present in tissues [37, 65]. 

To rationalize the failure of BRL, Schwarzschild 

developed an empirical model based on his work in 

astrophotography [53]. The model was further 

improved [54–60, 62] to match closer certain 

experimental findings. In its new form, known also as 

Schwarzschild law, BRL can be generally expressed by 

the Eqs. (3), where p or q are known as Schwarzschild’s 

coefficients (or exponents), and p  q = 1. 

𝐸𝑒 × 𝑡𝑝 = 𝑐𝑜𝑛𝑠𝑡, (3a) 

Eeq × t = const. (3b) 

If p (or q) = 1, the two laws are identical, and therefore 

Schwarzschild law can be considered a generalization of 

BRL, and it is adequate for monitoring the reciprocity. 

Other proposed models display additional mathematical 

complexity and most of them are related to the 

photographic field [43, 60, 63]. Closer to our times, the 

interest in RBL failure has expanded to other fields such 

as dermatology, biology, photomedicine, photocatalysis, 

and photodegradation of materials. In a seminal 

review [43], a survey of the literature on RBL failure, 

including estimated values for Schwarzschild’s 

coefficients (where available), indicated that the reported 

cases of failure in biology and medicine were actually 

less than those in other fields. The quantum band 

theory [68, 69] has been episodically employed as a 

theoretical model able to explain the variation of 

Schwarzschild’s p-coefficients in certain photoprocesses, 

but is limited mostly to photoconductance and 

photography studies, and is based entirely on 

photophysical rather than photochemical 

processes [43, 60, 70–74]. 

In the biomedical applications of electromagnetic 

radiation, it is important to understand the limits to 

validity of BRL, which will allow suitable irradiant 

strategies. In practice, formulae such as in Eqs. (4) are 

frequently employed in order to calculate the radiant 

exposure that results from a certain irradiance applied 

over a given exposure time; nevertheless, they yield 

workable values only if used within the confines of 

BRL’s validity, i.e., outside the failure zones. 

𝐻𝑒 [
𝐽

𝑚2] = 𝐸𝑒[ 𝑊

𝑚2] × 𝑡[𝑠], (4a) 

𝐻𝑒 [
𝐽

𝑐𝑚2] = 𝐸𝑒[𝑚𝑊

𝑐𝑚2] × 𝑡[𝑠] × 10−3
, (4b) 

𝐻𝑒 [
𝐽

𝑐𝑚2] = 𝐸𝑒[𝑚𝑊

𝑐𝑚2] × 𝑡[𝑚𝑖𝑛] × 0.06. (4c) 

When selecting a preferred irradiation regime in a 

clinical setting, the ophthalmic surgeon may choose to 

apply irradiances (Ee) and/or exposure times (t) falling 

outside the law’s validity zone, either on purpose or 

unintentionally. While such a choice does not necessarily 

put at risk the safety of the procedure, values of the 

radiant exposure (He) estimated with Eqs. (4) will be 
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different from the actual values, therefore outside 

surgeon’s cognizance or control. 

In proposing our procedure as a potential treatment 

for eyelid laxity conditions, we took as a model the UVA-

induced CXL, an established treatment for keratoconus 

that has been the subject of over 2000 studies published 

by the year 2020 [75]. Foreseeably, CXL was the 

application that aroused an interest in BRL’s role in 

ophthalmology. That was mainly a consequence of 

certain innovative developments in the procedure, 

including accelerated protocols [25, 32, 76–84], the use 

of high radiant exposures (fluences) [25, 77, 78, 85–88], 

and supplementation with oxygen during 

procedure [25, 89–93]. Regarding the radiant exposure, 

20 J/cm2 was the highest reported value in ex vivo animal 

corneas [87], and 12 J/cm2 for treating human 

patients [85]. The most complete study on the relation 

between irradiation parameters and validity range of 

BRL has been performed [78] on excised porcine 

corneas, where the tensile elasticity modulus (or Young’s 

modulus, a quantitative measure of stiffness) was 

monitored as a photoresponse. Ten different pairs of 

Ee and t, each generating the same radiant exposure 

(He = 5.4 J/cm2), were applied starting with 

Ee = 3 mW/cm2 and t = 30 min and ending with Ee = 

90 mW/cm2 and t = 1 min. It was found [78] that BRL 

maintains validity only for irradiances around 

45 mW/cm2 and lower, and at exposure durations longer 

than 2 min, as indicated by measuring the changes in 

stiffness. Regarding the role of oxygen during irradiation, 

based on the mechanism and kinetics of UVA/riboflavin-

induced CXL [89], its presence appears to be beneficial 

to the photochemical reactions leading to formation of 

crosslinks. While hyperoxic conditions resulted indeed in 

more efficient crosslinking in ex vivo animal 

corneas [90, 92, 93], the absence of any effect has been 

also reported [91]. Predictably, the role of oxygen shall 

be relevant in CXL procedures, and its participation ‘may 

be the missing piece to understand the invalidity of 

Bunsen-Roscoe’s law’ [93]. 

4.2 Validation of BRL Law Based on 

Photoresponses 

Failure of reciprocity law has been extensively 

investigated in the photographic field, where graphical 

methods were developed to identify the failure 

region [43, 55–58, 60, 63]. Such methods are generally 

based on monitoring the irradiance (Ee) and its product 

with the duration of exposure (Ee  t) for a fixed 

photoresponse, i.e., for a given state of transformation 

induced by irradiation. Experimentally, this is easy to 

achieve in photographic research, as it implies no more 

than a facile darkening of photosensitive films or plates. 

Outside the photographic field, however, it is rather 

difficult to find a photoresponse amenable to being 

maintained at a fixed value while the other parameters 

(irradiance, time) shall be varied and monitored until they 

attain the values needed to generate that particular 

photoresponse. In our present study, we have used a 

graphical method whereby a measurable photoresponse 

was plotted against irradiance for a chosen radiant 

exposure. The plot is on a logarithmic scale, allowing 

data points to fall on the same line at each exposure value 

[43]. Although less complicated, the method has been 

only episodically employed to investigate BRL failure, 

for instance in studies involving target photoresponses 

such as intensity of photocurrents generated in dyes by 

exposure to light [94], photovoltage generated by 

exposure to UV radiation of titanium dioxide films [95], 

or rate of isopropanol UV-induced photooxidation [96].  

According to this method, a change in the slope of the 

logarithmically linearized plot log 𝒫 = 𝑓(log 𝐸𝑒) 

indicates a discontinuity in the validity of BRL, i.e., 

where the law breaks down. In the linearized power 

function y = axm, the exponent m represents the slope. 

Furthermore, the slope is the equivalent of 

Schwarzschild’s p-coefficient [43], and the closer its 

value is to 1 (for an inclination angle θ = 45°), the lower 

is the level of failure. 

The target tissue in our study was the tarsal 

conjunctiva of the eyelid in two bovid species (sheep and 

goat), which we have exposed to UVA radiation 

(365 nm). Two different photoresponses were considered 

upon exposure to selected levels of irradiance: (a) the 

increase of the local temperature on the conjunctiva 

surface at the site whereupon radiation impinges and its 

energy is transferred to the target; and (b) the irradiation-

induced increase of stiffness (expressed through the 

values of Young’s modulus) or increase of strength 

(expressed by the measured stress), both recorded during 

experimental stretching of the tarso-conjunctival 

substrate, prior to and after crosslinking. 

Fig. 3 shows that at any of the tested levels of exposure 

based on the photothermal response, a drop in the slopes 

(i.e., the Schwarzschild’s p-coefficients) occurred within 

an irradiance region approximately between 25 and 40 

mW/cm2 (shaded areas) in each of the two animal tissues, 

with 30 mW/cm2 being a suitable and safe estimation for a 

practicable limiting value. This region divided the plot into 

two zones, validity zone (I) and failure zone (II). A 

variation in the values of p-coefficients shall be interpreted 

as a change in the law’s validity, in this case due to thermal 

effects, and can be regarded as the commencement of 

law’s failure in zone II. Table 1 summarizes the actual 

values of p-coefficients in each tissue at three different 

radiant exposures, as extracted from the equations plotted 

in Fig. 3. The difference between coefficients in the two 

zones is compelling, clearly suggesting breakdowns in 

BRL’s validity. 

Fig. 4 shows the plots of crosslinking-induced 

mechanical augmentation as reflected by increases of 

Young’s modulus and stress, i.e., stiffness and strength, 

respectively. Since the results involving three different 

exposure levels of two different tissues showed very 

similar patterns (as seen in Fig. 3), we selected only one 

level (He = 13.5 J/cm2) for investigating the functional 

relationship between Ee and MY or between Ee and σ, 

and investigated only the goat tarso-conjunctival tissue.  
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Table 1 Values of Schwarzschild’s p-coefficients for the 

photothermal responses. 

Eyelid 

Tissue 
Sheep Goat 

Zone-

specific 

plotsa 

I II I II 

Radiant 

exposure 

(He, J/cm2) 
p-Coefficientsb 

6 0.3541 0.0543 0.5608 0.2384 

13.5 0.5714 0.1324 0.6382 0.2401 

18 0.5247 0.1659 0.6740 0.2321 

a Linear zones characterized by two different slopes as 

shown in Fig. 3A and 3B. Zone II represents the law’s 

failure zone.  

b Schwarzschild’s p-coefficients are identical with the 

slopes m in the linearized power functions (y=axm) 

plotted in Fig. 3A and 3B. 

A dramatic decrease of the p-coefficients occurs in the 

region approximately between 50 and 70 mW/cm2, 

furthermore attaining negative values in zone II. An 

acceptable limiting value of 60 mW/cm2 for the validity 

zone seems appropriate. It can be seen that the effects of 

UVA on mechanical properties of the tarsus led to higher 

irradiance levels that marked the BRL failure as 

compared to those indicated by thermal response.  

A question arises as to why the discontinuity in the 

slope, marking the failure of BRL, was more pronounced 

when the monitored photoresponse was the enhancement 

of either the mechanical stiffness (ΔMY) or of the built-

up force (Δσ) during stretching of the tissue, i.e., a 

photochemomechanical response, as compared to the 

irradiation-induced temperature increase at the surface of 

the tissue, i.e., a photothermal response. To attempt an 

explanation we should briefly address what is known 

about the effects of exposing materials to UVA radiation, 

which is considered a non-ionizing and non-thermal 

radiation. The photoresponses in multiparticulate 

systems are the result of time-directed, cause-and-effect 

processes, where the UVA radiation is the causal agent. 

Like with any electromagnetic radiation, such processes 

induce photophysical and photochemical changes. The 

former are single-particle events that include photon 

absorption, localized excitation, as well as generation and 

migration of charge carriers (e.g., excited electrons), and 

they are always the same irrespective of the nature of 

irradiated material substrate. Importantly, the 

photophysical processes are precursors to photochemical 

changes. The latter are intricate and unpredictable, as 

they depend on both chemical structure and homogeneity 

of the irradiated substrates. Upon their absorption by the 

target, the UVA photons possess sufficient energy to 

excite molecules, which are then able to trigger chemical 

processes causing significant transformations in 

biological matter including lipid oxidation, structural 

alteration of nucleic acids, and crosslinking of native 

proteins. The excited electrons that did not contribute to 

such changes can release their energy through 

luminescence phenomena (fluorescence, 

phosphorescence), or through production of heat. 

Notably, the amount of heat generated by UVA radiation 

is generally low. Although some of the released heat can 

also be a result of exothermic chemical reactions 

activated by the radiation itself, such contribution was 

minor in our experiments because no photosensitizer was 

present to initiate chemical reactions during evaluation of 

the photothermal response. That was clearly illustrated 

by our measured ΔT values indicating a weak response. 

Moreover, we have found in a previous study [34] that 

even in the presence of a photosensitizer the thermal 

effect of UVA on tarso-conjunctival tissue was minor at 

irradiances lower than 75 mW/cm2. If we further consider 

a baseline temperature higher than that employed in the 

present study, such as that reported for human tarsal 

conjunctiva (ca 33°C) [97], it is still unlikely that UVA 

radiation could induce a surface terminal temperature 

above 40°C, the well-known safe limit for the thermal 

stability of biological macromolecules [98–101].   

The photochemomechanical response, ultimately 

manifested in changes of modulus MY and stress σ, was 

the result of a photochemical reaction (crosslinking of 

collagen) concomitantly followed by a process of 

mechanical augmentation of the tarsal tissue. 

Crosslinking-induced enhancement of collagen’s 

mechanical properties is a complex process. Molecular 

models have been developed [102–105] in order to 

understand the relation between crosslink density and 

deformation mechanisms. A crucial role of crosslinks is 

to assure interconnectivity between fibrillary collagen 

molecules, essential for enhancing the network’s strength 

and toughness. Insufficient crosslinks cause 

intermolecular sliding resulting in weak structural 

networks. Chemistry of the covalent crosslinkages is also 

relevant: for the same crosslink density, the networks 

based on trivalent crosslinks are stronger than those 

based on divalent crosslinks, due to different 

interconnectivity levels. The fully crosslinked collagen 

networks undergo deformation in synergy with relatively 

minor intermolecular sliding and macromolecular 

uncoiling but can stand up to external forces that 

otherwise would cause the mechanical failure of 

uncrosslinked networks. At a certain degree of 

deformation, however, the crosslinks may start to break 

down; in principle, additional crosslinking may mitigate 

the process if given the opportunity. 

We suggest that due to an intrinsic complexity of the 

underlying mechanisms leading to reinforcement of the 

tissue, the photochemomechanical response is delayed, 

leading to an apparent extension of BRL’s validity zone, 

at the same time causing a dramatically more significant 

discontinuity in the slope (Fig. 4) than that seen when a 

localized surface-level temperature increase was the 

intended photoresponse (Fig. 3). 
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It remains to consider which of the two investigated 

photoresponses shall be selected as a criterion for 

defining the BRL’s failure zone and for recommending 

practical values for the irradiation parameters aimed at 

preventing the use of an irradiant profile different from 

the actual profile. Although the photochemomechanical 

response is associated with major structural changes in 

the biological substrate and would therefore appear to be 

more relevant as a marker for the onset of BRL’s failure, 

we propose the photothermal response as a criterion, 

notwithstanding that the thermal effects induced by UVA 

radiation on the tarsal conjunctiva are minor. Our reasons 

are mainly of a biological safety nature. Thus, the 

principle of the safest application route was a reason for 

recommending limiting irradiances around 30 mW/cm2 

instead 60 mW/cm2, as less power delivered to the tissue 

means less potential damage. Any accidental thermal 

damage will be more devastating and faster than that 

produced by the photochemical crosslinkling. Another 

reason is based on the vast published experience with 

CXL, which clearly indicates that there is no need for 

irradiances higher than 45 mW/cm2, while maintaining 

fluences under 20 J/cm2, to be applied for crosslinking 

the corneal stromal collagen. In reality, even lower values 

are currently used in most clinics around the world. 

Moreover, all UVA devices for CXL currently on the 

market (a 1.2-billion-dollar market) are limited to deliver 

a maximum irradiance of 45 mW/cm2. For purely safe 

practicality, we believe that such values are also suitable 

for the therapeutic irradiation of the tarsal conjunctiva, 

and there is no reason to apply irradiances near 60 

mW/cm2 as suggested by the experimental 

photochemomechanical response in our study. 

5 Conclusion 

By applying a graphical method based on the relation 

between irradiance and certain photoresponses, the 

validity interval of Bunsen-Roscoe law can be 

established and employed to select suitable conditions for 

exposing the tarso-conjunctival tissue to UVA radiation 

for therapeutic purposes. When the local radiation-

induced temperature increase at the conjunctival surface 

was chosen as a photothermal response, the method 

indicated failure of the law occurring at an irradiance of 

approximately 30 mW/cm2 for a radiant exposure 

(fluence) between 6 and 18 J/cm2. When changes in the 

mechanical properties of the tissue (stiffness, strength) 

were investigated as photochemomechanical responses, 

the law broke down at around 60 mW/cm2. However, 

following the safest application route principle, a 

biologically safe performance of the procedure should be 

prioritized over other considerations. Therefore, based on 

the law’s validity limit disclosed by the analysis of 

photothermal response, an irradiance less than 

30 mW/cm2, associated with exposure times able to 

assure a radiant exposure within an estimative range of 

5 to 20 J/cm2, are recommended for crosslinking the 

tarsal collagen. 

Symbols and Abbreviations 

ΔT – temperature increase; 

Ee – irradiance; 

He – radiant exposure; 

m – slope (tan 𝜃); 

MY – Young’s modulus; 

 p – Schwarzschild’s coefficient; 

𝒫 – photoresponse; 

R2 – coefficient of determination (for linear regression); 

σ – stress; 

t – time; 

θ – inclination angle; 

BRL – Bunsen-Roscoe law; 

CXL – corneal collagen crosslinking; 

PBS – phosphate-buffered solution; 

RF-5P – riboflavin 5’-phosphate monosodium salt; 

s.e.m. – standard error of the mean; 

TXL – tarsal collagen crosslinking; 

UV – ultraviolet radiation; 

UVA – region A of ultraviolet radiation (wavelength 

from 315 to 400 nm). 
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Abstract. We used time-resolved polarized fluorescence spectroscopy for the 
study of nicotinamide adenine dinucleotide phosphate (NADPH) bound to 
isocitrate dehydrogenase (IDH) and alcohol dehydrogenase (ADH). It was 
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that fluorescence lifetime imaging microscopy (FLIM) analysis cannot 
universally distinguish between these two coenzymes. However, in the 
polarization-sensitive experiments we observed sub-nanosecond 
fluorescence anisotropy decay components of NADPH bound to IDH and ADH 
that we found to be significantly enzyme-specific. This result suggests that 
combined lifetime and anisotropy analysis provides increased molecular 
specificity for NAD(P)H. 
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1 Introduction 

Nicotinamide adenine dinucleotide (NAD) and its 

phosphate form (NADP) play a crucial role in the 

regulation of cellular metabolic pathways. Their 

reduced forms, NADH and NADPH, are endogenous 

fluorophores absorbing in the UV spectral range 

(330–380 nm) and emitting fluorescence with a 

maximum near 460 nm. These properties make 

NAD(P)H an attractive target for non-invasive, 

label-free optical monitoring of metabolic activity in 

living cells. 

Fluorescence lifetime imaging microscopy (FLIM) 

of NADH and NADPH is widely used for metabolic 

imagining cells and tissues. Within FLIM, fluorescence 

decay curves are recorded pixel by pixel using fast 

single-photon detectors and a time-correlated single-

photon counting system, enabling the determination of 

distributions of fluorescence lifetimes 𝜏𝑖  and their 

relative contributions 𝑎𝑖  within cells. Fluorescence 

lifetimes of NAD(P)H have been shown to be highly 

sensitive to the local molecular environment, binding 

state, and conformational dynamics, which underlies the 

application of FLIM for monitoring cellular 

metabolism [1–12].  

As is known [10, 13], free NADH and NADPH have 

identical spectral and time-resolved photophysical 

properties, and their combined signal is commonly 

referred to as NAD(P)H fluorescence. In living cells, 

NAD(P)H fluorescence decay is typically described by 

a bi-exponential model with a short lifetime of 

τ1 ~ 400 ps, attributed to free NADH, and a longer 

lifetime of τ2 ~ 1.1–6.0 ns, associated with enzyme-

bound NAD(P)H. Changes in these parameters are 

widely used to access metabolic shifts, redox balance, 

and energy production [10, 14–16]. However, NADH 

and NADPH participate in different metabolic 

pathways: catabolic and biosynthetic/antioxidant 

processes, respectively. Since both cofactors exhibit 

nearly identical photophysical properties in their free 

form [10, 13], separating the contributions of NADH 

and NADPH, and therefore distinguishing NADH- and 

NADPH-dependent metabolic processes by FLIM, 

remains challenging [2, 4, 6]. 

Recent studies focused on the fluorescence decay of 

enzyme-bound NADH and NADPH, suggested that 

differences between them may be detected. Several 

studies reported that enzyme-bound NADPH may 

exhibit longer fluorescence lifetimes than bound 
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NADH, particularly under conditions of oxidative stress 

or enhanced NADPH oxidase activity 

[2, 4, 6, 15, 17, 18]. These observations suggested that 

fluorescence lifetime could be used to separate bound 

NADPH from bound NADH. However, more recent 

works demonstrated that the fluorescence lifetime of 

enzyme-bound NADH and NADPH strongly depends 

on a specific enzyme binding site and can vary over a 

wide range [10, 16]. Moreover, most results on the 

fluorescence decay of enzyme-bound NADH and 

NADPH were obtained in living cells without 

systematic validation in simple solution models, which 

limits the universality of lifetime-based approaches for 

separating bound NADH and NADPH. An additional 

challenge arises from the heterogeneity of NAD(P)H 

fluorescence decay. Both free and protein-bound 

NAD(P)H exhibit multiple decay components due to 

conformational diversity, local mobility, and excited-

state interactions [9, 10, 19]. Consequently, simplified 

mono- or bi-exponential analysis of fluorescence decay 

in mixtures of free and protein-bound NAD(P)H may 

lead to a substantial loss of molecular specificity. 

It has been suggested that the separation of NADH 

and NADPH in FLIM can be achieved by means of 

fluorescence anisotropy measurements. Fluorescence 

anisotropy provides complementary information on 

excited-state dynamics and molecular mobility that is not 

accessible from polarization-insensitive (isotropic) 

fluorescence decay measurements. In particular, time-

resolved anisotropy analysis enables the separation of 

free and protein-bound NADH based on rotational 

diffusion times and allows estimation of local coenzyme 

mobility within enzyme binding sites [1, 3, 10]. Although 

fluorescence anisotropy of NAD(P)H has already been 

studied in solutions and enzyme complexes [9, 10, 20], its 

systematic application to enhance molecular specificity in 

FLIM remained limited. 

In this work, we applied time-resolved polarized 

fluorescence spectroscopy to study the photophysical 

properties of NADPH bound to two different enzymes, 

isocitrate dehydrogenase (IDH) and alcohol 

dehydrogenase (ADH). It was shown that global 

analysis of polarized fluorescence decay enables 

simultaneous determination of fluorescence lifetimes 

and anisotropy parameters and significantly increases 

molecular specificity for endogenous NAD(P)H 

fluorescence. We demonstrated that fluorescence 

anisotropy decay times 𝜏𝑎𝑛𝑖 and fundamental anisotropy 

𝑟0  of NADPH bound to IDH and ADH differ 

significantly. These differences reflect distinct NADPH 

mobility depending on the enzyme binding site and 

enable improved differentiation of enzyme-bound states. 

Anisotropic fluorescence decay parameters of NADH 

and NADPH bound to ADH were compared and clear 

differences between them were obtained. These results 

highlight polarization-sensitive measurements as a 

powerful extension of conventional lifetime analysis for 

resolving metabolic heterogeneity and separating 

NADH and NADPH contributions in biological 

systems. 

2 Methods 

2.1 Materials 

The 𝛽 -NADH (disodium salt, purity >99%, DIA-M, 

Russia), 𝛽 -NADPH (disodium salt, purity >98%, 

Macklin, lot C804424), malate dehydrogenase from 

porcine heart (>600 units/mg protein, biuret method, 

ammonium sulfate suspension, lot M1567, Sigma-

Aldrich), isocitrate dehydrogenase from porcine heart 

(Type IV, buffered aqueous glycerol solution, 3–

20 units/mg protein, lot I2002, Sigma-Aldrich), and 

alcohol dehydrogenase (lyophilized powder, 

recombinant from E. coli, 5.0–15.0 U/mg, lot 49854, 

Sigma-Aldrich) were used in this study. The free 

NADPH was dissolved in buffer solution in the 

concentration of 60 𝜇M and then IDH or ADH was 

added to the solution. The IDH and ADH concentration 

was at about 130 𝜇M. All solutions were prepared in 

phosphate buffer (PBS) at pH = 7.2. The units U/mg and 

U/mL denote enzyme activity normalized to the mass or 

volume of the reagent, respectively. Here, “U” refers to 

enzyme units, which represent the amount of active 

enzyme required to catalyze a defined reaction under 

specified conditions. 

2.2 Experimental Procedure 

The procedure for experimental detection of polarized 

fluorescence decay signals was the same as described in 

our previous publication [8]. The molecular 

fluorescence was two- photon excited at 720 nm with a 

femtosecond Ti : sapphire laser (Mai Tai HP, Spectra 

Physics, USA). The pulse duration was of 100 fs and a 

repetition rate of 80 MHz. The average laser power at 

the molecular sample position was 500 mW. 

Polarized fluorescence was collected in a direction 

perpendicular to the excitation beam propagation and 

detected in the range of 440–480 nm. Two orthogonal 

polarization components of fluorescence, parallel (𝐼∥ ) 

and perpendicular ( 𝐼⊥ ) to the polarization excitation 

beam, were separated using a Glan prism. The two 

polarization components were then detected 

simultaneously and independently by two ultrafast 

avalanche photodiodes (APD-050-CTC, MPD, 

Germany) operating in the photon-counting mode. The 

detected signals were processed using a time-correlated 

single-photon counting (TCSPC) system (PicoHarp 300, 

PicoQuant, Germany) with a time resolution of 4 ps per 

channel. The instrumental response function IRF(𝑡) was 

determined experimentally by detecting scattered laser 

radiation at wavelengths corresponding to the 

fluorescence detection range of NADPH. 

2.3 Experimental Signal Processing 

For analysis of the orthogonally polarized fluorescence 

signals of NADPH-IDH and NADPH-ADH complexes 

in solution the following model was used [9]: 

𝐼∥(𝑡) = 𝐺 ∑ [𝐼𝑖𝑠𝑜
𝑘 (𝑡) (1 + 2𝑟𝑘(𝑡))]𝑘 ∗ IRF(𝑡) + 𝑦, (1) 
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𝐼⊥(𝑡) = ∑ [𝐼𝑖𝑠𝑜
𝑘 (𝑡) (1 − 𝑟𝑘(𝑡))]𝑘 ∗ IRF(𝑡) + 𝑦, (2) 

where 𝐼𝑖𝑠𝑜
𝑘 (𝑡)  is the isotropic (polarization-insensitive) 

fluorescence decay, 𝑟𝑘(𝑡) is the fluorescence anisotropy 

decay, 𝑦 is a background, and IRF(𝑡) is the instrumental 

response function. The factor 𝐺 = 𝐼𝑌/𝐼𝑋 , where 𝐼𝑌  and 

𝐼𝑋 are the fluorescence components polarized along the 

𝑌 and 𝑋 directions, respectively, with both components 

being orthogonal to the excitation light, accounts for 

differences in the polarization sensitivity of the two 

detection channels. The index 𝑘 denotes f and b, which 

correspond to free and enzyme-bound NADPH, 

respectively. This model allows the determination of 

isotropic fluorescence decay 𝐼𝑖𝑠𝑜(𝑡)  and anisotropy 

decay 𝑟(𝑡) parameters for free and bound species. 

The isotropic fluorescence decay of free and 

enzyme-bound NADPH exhibited heterogeneous 

behavior and was described by a sum of exponents: 

𝐼𝑖𝑠𝑜
𝑓/𝑏(𝑡) = 𝐼0

𝑓/𝑏 ∑ 𝑎𝑖
𝑛
𝑖=1  exp (−

𝑡

𝜏𝑖
), (3) 

where 𝐼0
𝑓/𝑏

 is the fluorescence intensity contribution of 

the corresponding species at 𝑡 = 0, 𝜏𝑖  are fluorescence 

decay times, and 𝑎𝑖 are their weighting coefficients. 

The fluorescence anisotropy decay of free NADPH 

was described by a single-exponential function: 

𝑟𝑓(𝑡) = 𝑟0exp (−
𝑡

𝜏𝑟
), (4) 

where 𝑟0  is the anisotropy and 𝜏𝑟  is the rotational 

diffusion time. 

In the case of coenzyme-enzyme complexes we took 

into consideration of different possible depolarization 

processes in coenzyme excited state and used the 

expression suggested in our recent publication [19]: 

𝑟𝑏(𝑡) = (𝑟𝑏1 + 𝑟𝑏2𝑒
−𝑡/𝜏𝑏𝑣)𝑒−𝑡/𝜏𝑏𝑟, (5) 

where 𝜏𝑏𝑣  characterizes fast depolarization associated 

with anisotropic vibrational relaxation and 𝜏𝑏𝑟 

characterizes the rotational diffusion time of the entire 

complex. 

3 Results 

The fluorescence decay signals of the orthogonal 

components of polarized fluorescence for IDH and 

ADH solutions with the addition of 60 𝜇 M free 

NADPH, obtained under two-photon excitation at 

733 nm, are shown in Fig. 1(b) and (c), respectively. For 

comparison, Fig. 1(a) presents the polarized 

fluorescence decay signals of free NADPH in PBS. 

To perform global fitting of the polarized 

fluorescence decay signals of NADPH in the presence 

of IDH and ADH, a model accounting for contributions 

from free NADPH and enzyme-bound NADPH was 

used. The fluorescence decay parameters of free 

NADPH were determined independently from the 

analysis of the signals shown in Fig. 1(a) and were fixed 

during the fitting procedure. Using this approach, the 

fluorescence decay parameters of the NADPH-IDH and 

NADPH-ADH complexes were extracted and are 

summarized in Tables 1 and 2, respectively. 

 

Fig. 1 Orthogonally polarized fluorescence decay signals corresponding to the components parallel (I∥, blue curve) and 

perpendicular (I⊥, red curve) to the excitation light polarization: (a) free NADPH, (b) solution of 120 U/ml IDH and 

60 μM NADPH, and (c) solution of 40 U/ml ADH and 60 μM NADPH. U/mL denotes enzyme activity normalized to 

the solution volume. 

Table 1 Polarized fluorescence decay parameters in NADPH bound with IDH determined by the global fit.  

𝝀𝒆𝒙, nm 𝝉𝒃𝟏, ns (𝒂𝟏) 𝝉𝒃𝟐, ns (𝒂𝟐) 𝒓𝒃𝟏 𝒓𝒃𝟐 𝝉𝒃𝒗, ns 𝝉𝒓, ns 

733 2.27 (0.83) 5.67 (0.17) 0.52 0.02 0.67 50 

750 2.28 (0.83) 5.70 (0.17) 0.51 0.02 1.01 50 

770 2.26 (0.79) 5.60 (0.21) 0.50 0.06 0.90 50 

Uncertainty ±0.25 (±0.07) ±0.30 (±0.07) ±0.02 ±0.02 ±0.07 – 
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Table 2 Polarized fluorescence decay parameters in NADPH bound with ADH determined by the global fit. 

𝝀𝒆𝒙, nm 𝝉𝒃𝟏, ns 𝒓𝒃𝟏 𝒓𝒃𝟐 𝝉𝒃𝒗, ns 𝝉𝒓, ns 

733 5.31 0.21 0.22 0.36 10 

750 4.90 0.23 0.23 0.24 10 

770 5.07 0.23 0.24 0.26 10 

Uncertainty ±0.30 ±0.02 ±0.02 ±0.07 – 

 

It was found that the NADPH-IDH complex exhibits 

a bi-exponential fluorescence decay with decay times of 

𝜏1 ≈ 2.3 ns (a1 = 0.83) and 𝜏2 ≈ 5.7 ns (a2 = 0.17). In 

contrast, the NADPH-ADH complex is characterized by 

a single dominant fluorescence decay component with 

𝜏1 ≈ 5.0 ns. The obtained decay times and their relative 

contributions were practically independent of the 

excitation wavelength. Notably, the fluorescence decay 

times of NADPH bound to IDH and ADH were 

significantly longer than those of free NADPH in 

solution. In addition, free NADPH exhibited 

biexponential fluorescence decay, whereas only a single 

decay component was observed for the NADPH-ADH 

complex. 

Global fitting of the experimental data in Fig. 1 was 

further used to analyze the fluorescence anisotropy 

decay of NADPH-enzyme complexes. The anisotropy 

decay was described using a model previously 

developed for coenzyme-enzyme complexes, which 

allows separation of multiple anisotropic relaxation 

processes associated with different types of dipole 

reorientation. These processes include rotational 

diffusion of the entire complex, local mobility of the 

coenzyme within the enzyme binding site, reorientation 

due to nuclear rearrangement during excited-state 

vibrational relaxation, and resonant energy transfer 

(FRET) between chromophores located at different 

binding sites within dimeric enzymes. The fluorescence 

anisotropy decay parameters obtained from global 

fitting are summarized in Tables 1 and 2 for the 

NADPH-IDH and NADPH-ADH complexes, 

respectively. 

As follows from the obtained parameters, the 

fluorescence anisotropy decay of enzyme-bound 

NADPH is characterized by two depolarization times. A 

short depolarization time 𝜏𝑏𝑣  of approximately 0.3 ns 

and 1.0 ns was observed for the NADPH-ADH and 

NADPH-IDH complexes, respectively, while long 

rotational diffusion times 𝜏𝑏𝑟  of approximately 20 ns 

and 100 ns were determined for the NADPH-ADH and 

NADPH-IDH complexes, respectively. Significant 

differences were also observed in the corresponding 

anisotropy amplitudes 𝑟𝑏1 and 𝑟𝑏2. 

For the NADPH-IDH complex, the anisotropy 

amplitude 𝑟𝑏1  was 0.52, close to the fundamental 

anisotropy of free NADPH 𝑟0 ≈  0.5, whereas the 

amplitude 𝑟𝑏2  associated with the short depolarization 

component was very small (0.02). In contrast, for the 

NADPH-ADH complex, 𝑟𝑏1  was 0.22, more than two 

times lower than that of free NADPH and the NADPH-

IDH complex. At the same time, the anisotropy 

amplitude 𝑟𝑏2  for the NADPH-ADH complex was 

significantly larger (0.23) than that for the NADPH-IDH 

complex. 

It is noteworthy that the anisotropy amplitude 

𝑟𝑏2 ≈ 0.23 for the NADPH-ADH complex coincides 

with the corresponding parameter previously reported 

for the NADH-ADH complex. However, the short 

depolarization time 𝜏𝑏𝑣 ≈ 0.3 ns observed for NADPH-

ADH is considerably shorter than that reported earlier 

for NADH-ADH (𝜏𝑏𝑣 ∼ 1 ns). 

4 Discussion 

4.1 Fluorescence Lifetimes of Bound NADH 

and NADPH 

One of the central challenges in NAD(P)H-FLIM is the 

separation of NADH and NADPH fluorescence signals in 

cells. Because free NADH and NADPH have identical 

fluorescence spectra and fluorescence lifetimes, they 

cannot be distinguished in the free form. For this reason, 

recent studies [9, 10] have focused on enzyme-bound 

cofactors and suggested that differences in fluorescence 

decay times of bound NADH and NADPH may enable 

their separation. In particular, Blacker et al. reported that 

the NADPH-NOX complex exhibits a significantly 

longer fluorescence lifetime than bound NADH and 

proposed a general rule that enzyme-bound NADPH has 

a longer fluorescence decay time than NADH, 

independent of the enzyme. However, studies of 

NAD(P)H-enzyme complexes in solution demonstrate 

that fluorescence decay times of NADH and NADPH 

strongly depend on the specific enzyme binding site. 

Table 3 summarizes representative fluorescence decay 

parameters reported for various NADH- and NADPH-

dependent dehydrogenases. As can be seen in Table 3, 

both the absolute decay times and the number of decay 

components vary significantly between enzymes. In 

several cases, bound NADH exhibits fluorescence decay 

times comparable to or even longer than those of bound 

NADPH, indicating that a simple lifetime-based 

distinction between NADH and NADPH is not universal. 

In addition to enzyme specificity, another important 

factor affecting fluorescence decay analysis is 

the heterogeneity of free NADH fluorescence.
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Table 3 Fluorescence decay times 𝜏𝑖  and weighting coefficients 𝑎𝑖  of NAD(P)H-enzyme complexes reported in the 

literature. 

Species 𝝀𝒆𝒙, 𝝀𝒇𝒍𝒖𝒐 𝝉𝟏 (ns) (𝒂𝟏) 𝝉𝟐 (ns) (𝒂𝟐) Source 

NADH-LDH 340 nm, 368–600 nm 1.34 (0.22) 3.20 (0.09) [10] 

 340 nm, 368–600 nm – 3.34 (0.09) [21] 

 750 nm, 440/40 nm – 1.60 (1.00) [14] 

NADH-MDH 720 nm, 436/10 nm – 1.24 (1.00) [16] 

 750 nm, 440/40 nm – 1.20 (1.00) [14] 

NADH-ADH 720 nm, 436/10 nm – 4.44 (1.00) [9] 

NADPH-IDH 340 nm, 368–600 nm 1.59 (0.12) 4.44 (0.02) [10] 

 760 nm, 466/30 nm – 2.20 (1.00) [16] 

NADPH-G6PDH 750 nm, 440/40 nm – 2.50 (1.00) [16] 

 

Free NAD(P)H fluorescence decay is heterogeneous and 

is characterized by two decay components with 

lifetimes of approximately 𝜏1 ∼ 0.25 ns and 𝜏2 ∼ 0.6 ns, 

which have been attributed to two distinct cis and trans 

conformations of the nicotinamide moiety. 

Approximating the fluorescence decay of free 

NAD(P)H by a single-exponential function, as was done 

in several studies listed in Table 3, can lead to 

quantitative errors in the determination of fluorescence 

decay times of enzyme-bound NAD(P)H in mixed 

systems. 

In this work, we applied a refined analysis of 

fluorescence decay in mixtures of free NADPH and 

NADPH bound to IDH and ADH. In our model, the 

heterogeneity of free NADPH fluorescence was 

explicitly taken into account by describing the free 

coenzyme with a biexponential decay function. This 

approach allowed us to determine fluorescence decay 

times of enzyme-bound NADPH with higher accuracy 

than in previous studies. We found that the NADPH-

IDH complex exhibits two nanosecond fluorescence 

decay components of approximately 2 ns and 5 ns, 

whereas the NADPH-ADH complex is characterized by 

a single fluorescence decay time of about 5 ns. The 

shorter decay component of the NADPH-IDH complex 

( ∼ 2 ns) is consistent with the value reported by 

Leben et al. [16] but differs from that reported by 

Blacker et al. 

Another important result of this study is the 

determination of the fluorescence decay time of the 

NADPH-ADH complex, which has not been reported 

previously. This result enables a direct comparison of 

fluorescence decay parameters of NADH and NADPH 

bound to the same enzyme. We show that the 

fluorescence decay time of NADPH-ADH ( ∼ 5 ns) 

determined in this work is not significantly longer than 

that of NADH-ADH (∼4.5 ns) reported in our previous 

study [9]. 

Overall, the strong enzyme specificity of NADPH 

fluorescence lifetimes and the nearly identical 

fluorescence decay times of NADH and NADPH bound 

to ADH demonstrate that lifetime-based separation of 

NADH and NADPH cannot rely on a universal 

fluorescence lifetime criterion. 

4.2 Fluorescence Anisotropy Decay in Bound 

NADH and NADPH 

Here, we show that fluorescence anisotropy decay of 

bound NADPH is heterogeneous and characterized by 

two distinct depolarization times of approximately 1 ns 

and longer than 20 ns, as summarized in Tables 1 and 2. 

The longer depolarization time corresponds to rotational 

diffusion of the entire coenzyme–enzyme complex. 

Elucidation of the origin of the short depolarization time 

was the main focus of this study. 

Heterogeneous fluorescence anisotropy decay is a 

general feature of fluorophore-macromolecule 

complexes and has been discussed extensively for a 

wide range of systems, including fluorescent proteins, 

dye-labeled DNA, and membrane-associated probes. 

Two major theoretical frameworks have been proposed 

to describe fluorescence anisotropy heterogeneity. The 

first comprises diffusion-based models that account for 

multiple types of rotational motion, including fast local 

motions of the fluorophore, slower dynamics of protein 

structural elements, and global tumbling of the entire 

complex [22, 23]. The second framework is based on a 

more general formalism using spherical tensors and 

correlation functions, in which multiple relaxation 

pathways contributing to anisotropy decay are taken 

into account [9, 19, 24]. 

Among diffusion-based approaches, the 

“wobbling-in-a-cone” model has been widely used to 

interpret anisotropy decay of NAD(P)H-enzyme 

complexes [10, 25, 26]. Within this framework, 

fluorescence depolarization of bound NADH and 

NADPH arises from a combination of global rotational 
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diffusion of the enzyme and restricted local motion of 

the coenzyme within a cone defined by the geometry of 

the binding site. Using this model, Blacker et al. [10] 

concluded that NADPH bound to IDH exhibits 

significantly faster local motion than NADH bound to 

LDH, consistent with differences in steric constraints 

and electrostatic interactions in the respective binding 

sites. 

In contrast, the model used in the present study to 

analyze fluorescence anisotropy decay of bound 

NADPH (Eq. (5)) is based on a more general formalism 

that explicitly separates different anisotropic relaxation 

processes occurring in the excited state of NADPH. 

This model was first proposed in our recent paper [19] 

and successfully applied to the NADH-ADH 

complex [9]. Within this framework, the anisotropy 

parameters 𝑟𝑏1  and 𝑟𝑏2  in Eq. (5) characterize the 

relative orientation of the excitation and emission 

transition dipole moments in the relaxed state and 

during anisotropic vibrational relaxation, respectively. 

The parameter 𝑟𝑏2 reflects changes in the orientation of 

the fluorescence transition dipole moment induced by 

fast nuclear relaxation in the excited state of the 

coenzyme. Correspondingly, the fast fluorescence 

depolarization time 𝜏𝑏𝑣  in Eq. (5) reflects the rate of 

anisotropic relaxation associated with nuclear 

rearrangements in the excited state. 

We suggest that the short depolarization time of 

approximately 1 ns observed for the NADPH-IDH and 

NADPH-ADH complexes reflects the rate of nuclear 

rearrangements of NADPH in the excited state and can 

be used as a measure of local coenzyme mobility within 

the enzyme binding site. For the NADPH-IDH complex, 

the anisotropy amplitude 𝑟𝑏1 is close to the fundamental 

anisotropy of free NADPH, while the parameter 𝑟𝑏2 

associated with the fast depolarization component is 

close to zero. This indicates that the orientation of the 

excitation and emission transition dipole moments 

changes only weakly during excited-state vibrational 

relaxation, suggesting limited local mobility of NADPH 

in the IDH binding site under our experimental 

conditions. In contrast, for the NADPH–ADH complex, 

the parameter 𝑟𝑏2  is significantly larger ( 𝑟𝑏2 = 0.3), 

indicating a pronounced reorientation of the transition 

dipole moment during excited-state relaxation and 

enhanced local mobility of NADPH in the ADH binding 

site. 

These findings reflect fundamental differences in 

binding-site mobility and conformational dynamics of 

NADPH in IDH and ADH. NMR and X-ray studies 

have shown that dehydrogenases undergo large-

amplitude conformational changes during catalysis and 

exhibit varying degrees of binding-site mobility 

[27, 28]. Our results indicate that NADPH bound to 

ADH exhibits higher local mobility than NADPH bound 

to IDH and is also more mobile than NADH bound to 

ADH. 

We further compared anisotropy decay parameters of 

NADPH and NADH bound to ADH and revealed 

coenzyme-specific dynamics within the ADH binding 

site. We found that the fast depolarization time of the 

NADPH-ADH complex (𝜏𝑏𝑣 ∼  0.3 ns) is considerably 

shorter than that of the NADH-ADH complex 

(𝜏𝑏𝑣 ∼ 1 ns). At the same time, the anisotropy amplitude 

𝑟𝑏2 associated with the fast component is nearly identical 

for NADH and NADPH bound to ADH (𝑟𝑏2 ≈ 0.23). 

This demonstrates that NADPH experiences faster local 

depolarization dynamics than NADH in the same enzyme 

environment. 

Overall, these results demonstrate that time-resolved 

fluorescence anisotropy provides a sensitive probe of 

local coenzyme mobility and binding-site dynamics. 

When combined with isotropic fluorescence decay 

analysis, anisotropy measurements enable 

discrimination between enzyme-bound NAD(P)H states 

that cannot be resolved by fluorescence lifetime analysis 

alone, highlighting their potential for improving 

molecular specificity in FLIM-based metabolic studies. 

5 Conclusion 

In this work, we performed a comprehensive time-

resolved study of fluorescence decay and anisotropy of 

NADPH bound to isocitrate dehydrogenase (IDH) and 

alcohol dehydrogenase (ADH). By combining a global 

fitting procedure of polarized fluorescence decay signals 

with explicit consideration of the heterogeneous 

fluorescence decay of free NADPH, we demonstrated 

enzyme-specific features of polarized fluorescence 

decay of NADPH. In particular, we found that the 

fluorescence lifetime of NADPH bound to IDH is 

approximately two times shorter than that of the 

NADH-ADH complex, whereas the fluorescence 

lifetimes of NADH and NADPH bound to ADH are 

nearly identical. These results confirm that fluorescence 

lifetime alone cannot be reliably used to separate 

NADH and NADPH in living cells by FLIM. 

The major result of this study is the observation of 

heterogeneous fluorescence anisotropy decay in 

NADPH-enzyme complexes. We show that both 

NADPH-IDH and NADPH-ADH are characterized by a 

sub-nanosecond fluorescence depolarization component 

in addition to a long rotational diffusion time of the 

entire complex exceeding 20 ns. We suggest that the 

fast depolarization component reflects rapid nuclear 

rearrangements of NADPH in the excited state and/or 

local coenzyme mobility within the enzyme binding 

site. Importantly, the fast depolarization component 

differs significantly between NADPH-IDH and 

NADPH-ADH, indicating enzyme-specific local 

mobility of NADPH. Moreover, comparison of 

anisotropy decay of NADPH-ADH and NADH-ADH 

reveals coenzyme-specific anisotropic excited-state 

dynamics that are not accessible from isotropic 

fluorescence lifetime analysis. 

Overall, our results demonstrate that combined 

analysis of isotropic fluorescence decay and 

fluorescence anisotropy provides additional molecular 

specificity for endogenous NAD(P)H. This approach 

opens new opportunities for distinguishing enzyme-

bound states and lays the groundwork for extending 
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polarized FLIM toward improved separation of NADH- 

and NADPH-related metabolic pathways in complex 

biological systems. 
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Abstract. This study focuses on the effects of moderate thermal heating on 
microcirculation and peripheral hemodynamics, as well as on the 
interrelationship between changes detected by Laser Doppler Flowmetry 
(LDF) and Ultrasound Doppler (USD). Microcirculation and peripheral 
hemodynamics were evaluated in the context of cardiovascular diagnostics 
using LDF and USDG. LDF non-invasively assessed tissue perfusion, reflecting 
the state of arterioles, venules, precapillary sphincters, and capillaries, thereby 
evaluating blood filling and tone in the microcirculatory bed. USDG was 
employed to assess blood flow in major arteries and calculate peripheral 
resistance indices, including resistance and pulsatility indices. General 
thermal heating from 20°C to 30°C was applied to observe its impact on both 
microvascular tone and major artery resistance indices. Moderate thermal 
heating increased perfusion and amplified the amplitude of neurogenic and 
myogenic oscillation rhythms. Peripheral resistance, as determined by USDG, 
decreased with rising temperature. The retrograde blood flow component, 
indicative of the tone of distal muscular-type vessels, disappeared upon 
warming, suggesting reduced resistance in both major arteries and 
microvessels. Additionally, the amplitude of antegrade diastolic flow, 
associated with the properties of elastic-type arteries, increased. Changes in 
microcirculation and peripheral hemodynamics are interconnected and follow 
a common physiological pattern: vasodilation and reduced tone in the 
microcirculatory bed. The decrease in USDG spectral indices in major arteries 
during heating correlates directly with the reduction in microvascular tone. 
While USDG can detect vascular resistance changes within a single cardiac 
cycle, LDF requires significantly more time to register such changes in 
microvascular tone. 
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artery; ultrasound Doppler; laser doppler flowmetry; thermal test. 
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1 Introduction 

Almost all major pathologies of the cardiovascular 

system are accompanied by significant impairments in 

microcirculation or blood flow in the major arteries. For 

the real-time assessment of microcirculation [1–3], Laser 

Doppler Flowmetry (LDF) is a promising method. To 

determine the hemodynamics of medium and small-

caliber arteries and veins [4–6], Ultrasound Doppler 

(USDG) has proven to be highly effective. It is generally 

accepted that these methods provide information on the 

hemodynamic mechanisms of various functional systems 

in the body at the micro- and macrovascular levels. In the 

present work, we aim to demonstrate the relationship 
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between these methods for assessing hemodynamic 

changes during a general thermal functional test. 

Studies using LDF [7–10] have established that both 

local and general thermal exposure induces a significant 

increase in cutaneous blood flow. The perfusion and the 

amplitude of blood flow oscillations in various frequency 

ranges are used to assess blood filling and tone in the 

microcirculatory bed. These oscillations are governed by 

active mechanisms of endothelial, neurogenic, and 

myogenic regulation [11–13]. 

Specifically, a study by Petrofsky et al. [7] 

demonstrated that exposure to air flows with different 

temperature parameters (38°C, 40°C, 42°C) for 20 min 

resulted in a significant increase in both skin blood flow 

and skin temperature. A similar increase in cutaneous 

blood flow was also observed in the works of Fedorovich 

and Skripal [14, 15].  

An impaired microvascular response to thermal 

hyperemia is closely associated with increased 

cardiovascular mortality, underscoring the prognostic 

value of this non-invasive test for assessing skin 

microcirculatory function [16]. 

The investigation of regulatory mechanisms in 

microcirculation under various pathological conditions is 

made possible through the analysis of blood flow 

oscillation rhythms in tissues [17]. The microcirculatory 

response to local heating in both healthy individuals and 

patients with diabetes mellitus has been described in 

studies by Filina et al. [18] and Mizeva et al. [9]. It was 

found that a local increase in skin temperature from 25°C 

to 42°C leads to a significant rise in the microcirculation 

index, accompanied by a marked tendency for an 

increase in oscillation amplitude within the neurogenic 

and myogenic ranges. In patients with diabetes, a 

reduction in neurogenic vasodilation and an impairment 

of low-frequency vasomotions were noted, reflecting 

dysfunction in the autonomic regulation of vascular tone. 

According to a study by Mallette et al. [12], passive 

heat stress significantly increases laser-Doppler flux 

relative to baseline levels. This is accompanied by an 

amplification of blood flow oscillations associated with 

nitric oxide-independent endothelial activity, as well as 

neurogenic, myogenic, respiratory, and cardiac rhythms. 

In contrast, oscillations reflecting nitric oxide-dependent 

endothelial activity showed no significant changes under 

the influence of passive heat stress. 

A number of studies [19, 20] have shown that the 

indicator of oxidative metabolism of the NADH 

coenzyme can also be a marker of changes in the tone of 

the microcirculatory bed when heated. However, the 

dependence of this parameter, measured by modern LDF 

devices with integrated fluorescence analysis of blood 

flow [21], depends on the individual characteristics, the 

measuring zone, and even the phase of the menstrual 

cycle in women [20]. 

In contrast to LDF, the USDG method provides 

recording of the direction and velocity of blood flow in 

large arteries and veins, enabling the assessment of 

macrocirculatory blood flow and the calculation of 

spectral indices of peripheral resistance. For example, the 

Resistance Index (RI) serves as an integral indicator 

reflecting the total peripheral vascular resistance in the 

examined vascular bed. Within the classical approach, its 

calculation is based on the analysis of the direction and 

magnitude of blood flow during the diastolic phase of the 

cardiac cycle. 

A study by Korkmaz et al. [22] demonstrated that the 

change in RI following reactive hyperemia of the brachial 

artery reflects the functional state of the endothelium and 

can be used in clinical practice as a diagnostic marker of 

vascular dysfunction. Furthermore, the RI level closely 

correlates with risk factors for coronary artery disease and 

serves as an indirect indicator of atherosclerotic changes. 

This is supported by data obtained from a group of renal 

transplant recipients, where an association was found 

between the renal RI and cardiovascular risk factors, as 

well as the thickening of the carotid intima-media complex 

– a marker of subclinical atherosclerosis [23]. 

The Pulsatility Index (PI) is an integral parameter 

reflecting a combination of peripheral resistance and 

stiffness (elasticity) of distal arteries, as well as the 

magnitude of cardiac output. It allows for the quantitative 

assessment of blood flow velocity over the cardiac cycle 

period [24]. 

The effect of local and whole-body heating on 

vascular function, including flow-mediated dilation and 

post-occlusive reactive hyperemia, has been 

comprehensively reviewed [25]. The authors 

demonstrated that systemic thermal exposure 

significantly increases forearm blood volume flow within 

the first minutes, which is accompanied by an increase in 

shear rate and enhanced antegrade flow, while a 

retrograde component is also present. 

A review presented by Brothers et al. [26] analyzed 

data from a number of experimental studies investigating 

the impact of heat stress on dynamic cerebral 

autoregulation under conditions of significant blood 

pressure fluctuations. Based on the summarized results, 

the authors concluded that heat stress is accompanied by 

a reduction in systemic vascular resistance. 

Acute thermal exposure exerts a pronounced effect on 

vascular regulation by enhancing endothelium-

dependent vasodilation in conduit arteries. A study by 

Coombs et al. [27] analyzed the contribution of both skin 

temperature response and core body temperature to the 

flow-mediated dilation of the brachial artery during 

different modes of passive heating. During systemic 

thermal exposure without limb occlusion, a marked 

increase in antegrade blood flow velocity in the brachial 

artery was observed, accompanied by a progressive 

reduction of the retrograde component up to its complete 

disappearance. 

Interest in studying limb blood flow obtained via 

ultrasound Doppler waveform is driven by the ability to 

visualize both antegrade and retrograde flow, which 

allows for the assessment of the functional state of the 

vascular system and the determination of its resistance. 

Results from a study by Thomas et al. [28] showed that 

leg immersion in hot water (42°C) for 30 min led to an 

increase in antegrade blood flow velocity and a decrease 
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in retrograde velocity. These changes were recorded in 

both the upper and lower limbs. The observed changes 

indicate the involvement of the resistive vascular bed in 

thermoregulatory mechanisms and the influence of the 

myogenic tone of small arteries and arterioles on 

peripheral circulation [29]. 

Literature analysis reveals studies that have 

investigated the vascular response to thermal exposure 

using either ultrasound Doppler or LDF. Simultaneous 

assessment of Doppler ultrasound blood flow indices and 

microcirculatory parameters could provide insights into 

the relationship between regulatory processes at the 

macro- and microcirculatory levels of the vascular 

system organization. 

The aim of this work was to establish the possibility 

of using ultrasound Doppler ultrasound indices measured 

in the radial artery as a marker of microvascular tone 

during thermal stress. 

2 Materials and Methods 

2.1 Participants 

Fifteen healthy volunteers (9 males and 6 females) with 

a mean age of 22 ± 2 years participated in this study. 

Prior to the experiment, each participant was thoroughly 

informed about the study’s objectives, procedures, and 

methods, after which they provided written informed 

consent in accordance with the ethical standards for 

biomedical research. The study was approved by the 

Ethics Committee of the V.I. Razumovsky Saratov State 

Medical University (Protocol No. 9, April 4, 2023) and 

was conducted in a clinical setting under the supervision 

of medical personnel. 

2.2 Microcirculation Assessment 

Microcirculatory blood flow was assessed using the 

“LAZMA PF” device (LAZMA, Russia), which operates 

at a wavelength of 850 nm with a radiation power of 

0.7 mW. The penetration depth of the laser beam into 

skin tissue was approximately 1.0–1.2 mm. The 

“LAZMA PF” probe was placed on the distal phalanx of 

the middle finger pad of the right hand. LDF signals were 

analyzed using Morlet wavelet transform, which 

decomposed the signals into frequency components of 

blood flow oscillations. Among the five existing 

frequency ranges, parameter changes were analyzed in 

only two: 0.02–0.06 Hz – neurogenic activity (blood flow 

regulation via sympathetic vascular innervation); 0.06–

0.2 Hz – myogenic activity (contractions of vascular 

smooth muscle cells). This limitation is due to the 

duration of the LDF signals. 

2.3 Ultrasound Doppler 

Doppler waveforms were recorded using an “Edan U50” 

ultrasound system (Edan Instruments, China) with a 

7.2 MHz transducer. Hemodynamic parameters were 

assessed using multiple modes: B-mode for visualization 

of vascular anatomy; color Doppler (CD) mapping for 

localization of arterial blood flow; and pulsed-wave 

Doppler (PW Doppler) for obtaining quantitative blood 

flow velocity parameters. 

2.4 Study Protocol 

The investigation was conducted in two phases. During 

the first phase, participants were seated in a laboratory 

room with a controlled temperature of 20 ± 1°C, 

monitored using a digital thermometer (Xiaomi Mijia 

Bluetooth Thermometer 2, China). Following a 15-min 

rest period for acclimatization, baseline measurements of 

microcirculation parameters were performed on the pad 

of the left index finger using LDF, along with recording 

Doppler waveforms of the radial artery using Doppler 

ultrasound. 

In the second phase, participants moved to an 

adjacent room with an ambient temperature of 30 ± 1°C. 

After 15 min of whole-body thermal exposure, 

subsequent measurements of microcirculation were 

conducted on the pad of the distal phalanx of the left 

index finger (LDF) and Doppler waveforms of the radial 

artery (ultrasonography) were recorded while 

participants remained at rest. 

2.5 Laser Doppler Flowmetry Parameters 

The perfusion and amplitudes of blood flow oscillations 

in various frequency ranges were determined from LDF 

measurements. The perfusion (P) is defined as: 

𝑃 =  𝐾 ∙  𝑁 ∙  𝑉𝑎𝑣𝑔, (1) 

where K is the proportionality coefficient, N is the 

number of scatterers (erythrocytes) in the measured 

volume, and 𝑉𝑎𝑣𝑔 is their average velocity [30]. 

Since the LDF signal consists of slowly and rapidly 

varying components, the perfusion can be described as: 

𝑃(𝑡) = 𝑃𝑐 + 𝛿𝑃(𝑡), (2) 

where Pc represents the constant flow component and 

δP(t) represents the variable flow component. 

The constant component Pс reflects the average blood 

flow level in the microcirculatory bed over the selected 

observation period or LDF recording analysis interval. 

The variable component δP(t) is determined by factors 

affecting blood flow stability – specifically, changes in 

the velocity 𝑉𝑎𝑣𝑔 and concentration N of erythrocytes in 

the measured volume. 

The recorded amplitudes of neurogenic (An) and 

myogenic (Am) blood flow oscillations are directly 

related to microvascular lumen size and, consequently, to 

muscular tone. Neurogenic tone (NT) and myogenic tone 

(MT) of arterioles and resistive microvessels are related 

by the expressions [31]: 

NT =
𝜎∙𝑃𝑎𝑣𝑔

An∙𝑃𝑐
, (3) 

MT =
𝜎∙𝑃𝑎𝑣𝑔

Am∙𝑃𝑐
, (4) 
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where σ represents the standard deviation of the 

perfusion, and 𝑃𝑎𝑣𝑔 is the mean pressure in the peripheral 

vascular system.  

A decrease in oscillation amplitude is associated with 

increased tone and stiffness of the vascular wall, while an 

increase in oscillation amplitude results from reduced 

vascular tone [31–33]. 

2.6 Ultrasound Doppler Parameters 

The resistance index (RI) and pulsatility index (PI) were 

calculated from the ultrasound Doppler data, with 

averaging performed over three cardiac cycles. 

Typically, two different equations are used for 

calculating RI, accounting for peripheral vascular 

resistance [34]. The first equation is applied in cases of 

high vascular resistance with presence of retrograde 

blood flow: 

RI𝑉𝑑
=

𝑉𝑝𝑠+𝑉𝑑

𝑉𝑝𝑠
, (5) 

where 𝑉𝑝𝑠 is the peak systolic blood flow velocity and 𝑉𝑑 

is the peak retrograde blood flow velocity. 

The second equation is used for cases of low vascular 

resistance: 

RI𝑉𝑒𝑑
=

𝑉𝑝𝑠−𝑉𝑒𝑑

𝑉𝑝𝑠
, (6) 

where 𝑉𝑒𝑑 represents the antegrade peak velocity.  

It should be noted that in cases of low vascular 

resistance, the end-diastolic velocity 𝑉𝑒𝑑  is commonly 

used for calculating both RI and PI indices. However, in 

healthy young participants at room temperature, the end-

diastolic velocity is typically zero due to high vascular 

resistance. Therefore, we employed modified formulas 

for calculating RI and PI indices, utilizing the diastolic 

velocity 𝑉𝑒𝑑  corresponding to the maximum antegrade 

flow. A similar approach was implemented in the 

monograph by Lelyuk, V.G. and Lelyuk, S.E. [34]. 

The expression for the PI for cases with high vascular 

resistance was determined from the following 

relationship: 

RI𝑉𝑑
=

𝑉𝑝𝑠+𝑉𝑑

TAMX
, (7) 

where TAMX – the time-averaged maximum velocity as 

the mean value of all measured maximum blood flow 

velocities obtained at equal time points throughout one 

cardiac cycle: 

TAMX =
∑ 𝑉𝑖

𝑛
𝑖=1

𝑛
, (8) 

where 𝑉𝑖 is the measured value of maximum blood flow 

velocity in the i-th pixel (cm/s), and n is the number of 

measured points (pixels on the Doppler waveform) per 

cardiac cycle. 

For cases with low vascular resistance, the PI was 

determined from the following relationship: 

PI𝑉𝑒𝑑
=

𝑉𝑝𝑠−𝑉𝑒𝑑

TAMX
. (9) 

where 𝑉𝑒𝑑  was also defined as the antegrade peak 

diastolic velocity. 

2.7 Statistical Analysis 

Data analysis was performed using mathematical 

statistics methods. The STATISTICA 10 software 

package (StatSoft, Inc.) was used for data processing. 

Given the small sample size and non-normal distribution 

of data, the Wilcoxon T-test – one of the most powerful 

non-parametric analysis methods – was applied for 

comparing quantitative variables in two dependent 

samples. Parameter differences were considered 

statistically significant at p ≤ 0.05, indicating a high 

probability that the observed changes in blood flow 

parameters were not due to random factors. 

3 Results 

3.1 LDF Measurements of Microcirculatory 

Blood Flow 

Figure 1 presents a graph illustrating changes in the 

perfusion, measured in perfusion units (p.u.), in a healthy 

25-year-old subject under two conditions: in a room with 

air temperature of 20 ± 1°C and 30 ± 1°C, respectively. 

 

 
(a) 

 

 
(b) 

Fig. 1 Perfusion of a 25-year-old study participant: 

(a) in a room with air temperature of 20 ± 1°C, 

(b) in a room with air temperature of 30 ± 1°C. 

As shown in Fig. 1, the average level of the perfusion 

in the volunteer before exposure to the warm room was 8 

p.u., which corresponds to the baseline state of 

microcirculation under normal temperature conditions 

(20 ± 1°C). After moving to the room with elevated 
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temperature (30 ± 1°C), this parameter increased to 

27.8 p.u. 

Figure 2 presents diagrams showing changes in the 

perfusion for a group of 15 study participants under 

different temperature conditions. 

 

Fig. 2 Diagram of changes in the perfusion for a group of 

15 study participants in rooms with air temperatures of 

20 ± 1°C and 30 ± 1°C. *Significance of perfusion 

difference between the two conditions: p = 0.0007. 

 

Fig. 3 Diagram of changes in the amplitude of neurogenic 

oscillations (An) of microcirculation in rooms with air 

temperatures of 20 ± 1°C and 30 ± 1°C. *Significance of 

difference in An values between the two conditions: 

p = 0.0026. 

For study participants in the room with a temperature 

of 20 ± 1°C, the median value of the perfusion was 

12.2 p.u. 

Increasing the temperature to 30 ± 1°C led to a 

significant rise in the microcirculation index, which 

may indicate a physiological response of the body to 

external temperature changes. In the cooler 

environment (20 ± 1°C), the microcirculation level 

remained at a relatively low and stable state. 

Furthermore, under high temperature conditions, 

greater data variability was observed, potentially 

reflecting differences in individual responses of 

participants to the ambient temperature change. 

Statistical analysis confirmed that the difference in 

perfusion values between the 20 ± 1°C room 

temperature and the 30 ± 1°C elevated temperature 

conditions was statistically significant (p = 0.0007). 

Of particular interest is the analysis of blood flow 

oscillations, whose rhythms reflect changes in vascular 

tone. Figure 3 presents diagrams showing changes in the 

amplitude of neurogenic blood flow oscillations for a 

group of 15 study participants under different 

temperature conditions. 

Based on the conducted study, it can be concluded 

that exposure to elevated temperature induces a 

statistically significant (p = 0.0026) increase in the 

amplitude of neurogenic oscillations in the blood 

microcirculation system. 

Figure 4 presents diagrams illustrating features of 

myogenic regulation in a group of 15 study participants 

under different temperature conditions. 

 

Fig. 4 Diagram of changes in the amplitude of myogenic 

oscillations (Am) of microcirculation in rooms with air 

temperatures of 20 ± 1 °C and 30 ± 1 °C. *Significance 

of difference in Am values between the two conditions: 

p = 0.001. 

The data presented in Figure 4 show that at a 

temperature of 20 ± 1°C, the median value of the 

myogenic oscillation amplitude (Am) was 0.71 r.u. The 

interquartile range under these conditions varied from 

0.62 to 0.92 r.u. The mean value was 0.74 r.u. 

The data at 30 ± 1°C indicates a significant change in 

the amplitude of myogenic oscillations. The median 

amplitude value increased to 1.06 r.u., indicating a rise in 

myogenic activity with increasing temperature. The 

interquartile range widened, now spanning from 0.87 to 

1.23 r.u., suggesting increased variability of the 

measurements compared to the 20°C condition. 

The difference between the Am values under the 

20 ± 1°C room temperature and the 30 ± 1°C elevated 

temperature conditions was statistically significant 

(p = 0.001). 

3.2 Doppler Ultrasound Measurements of 

Major Artery Blood Flow 

Figures 5a and 5b present an example of the 

hemodynamic response to thermal exposure typical for 

the entire subject group. The ultrasound Doppler 

waveforms of a 25-year-old study participant were 
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obtained while he was in rooms with air temperatures of 

20 ± 1°C and 30 ± 1°C, respectively. 

 

 

(a) 

 

(b) 

Fig. 5 Ultrasound spectral Doppler waveforms of a 

25-year-old study participant showing peak velocities at 

different time points in the cardiac cycle. (a) in a room 

with an air temperature of 20 ± 1°C, (b) in a room with 

an air temperature of 30 ± 1°C. 

At an air temperature of 20 ± 1 °C, according to 

Doppler ultrasound data, the peak systolic blood flow 

velocity (𝑉𝑝𝑠) was 18.5 cm/s, the retrograde blood flow 

(𝑉𝑑) had a negative value (–3.5 cm/s), and the maximum 

antegrade blood flow velocity ( 𝑉𝑒𝑑 ) was 3.2 cm/s. 

Furthermore, the direction of antegrade flow remained 

positive throughout the entire measurement period. 

Under air temperature conditions of 30 ± 1 °C, the 

most pronounced changes concerned the shape of the 

ultrasound Doppler waveforms. When participants were 

in the elevated temperature environment, all subjects 

exhibited alterations in hemodynamic parameters to 

varying degrees, specifically a significant increase in 

peak systolic velocity, a decrease in the peak retrograde 

flow value, and an increase in the peak antegrade flow 

value. These changes indicate alterations in vascular tone 

and redistribution of blood flow during thermal exposure. 

When the ambient temperature increased to 30 ± 1°C, 

the study participant (Fig. 5b) showed an increase in peak 

systolic velocity to 24.3 cm/s. According to Doppler 

ultrasound data, retrograde blood flow (𝑉𝑑) was absent, 

indicating a significant reduction in vascular resistance. 

The maximum antegrade blood flow velocity ( 𝑉𝑒𝑑 ) 

increased to 7.8 cm/s, while maintaining its positive 

direction, confirming the primary role of elastic arteries 

in ensuring blood flow continuity. 

Table 1 presents the following parameters calculated 

for this 25-year-old volunteer: resistance index (RI) and 

pulsatility index (PI). The parameters at 20 ± 1°C were 

calculated using the equations for high-resistance vessels 

and the retrograde flow value RI𝑉𝑑
 (Eq. (5)), while the 

parameters at 30 ± 1°C were calculated using the 

equations for low-resistance vessels and the antegrade 

flow value RI𝑉е𝑑
 (Eq. (6)). All parameters were 

computed by averaging values across three cardiac 

cycles. 

As shown in Table 1, increasing the ambient 

temperature to 30°C resulted in a distinct reduction in 

peripheral resistance indices, which is associated with the 

development of systemic vasodilation. This effect 

reflects decreased vascular tone and increased volumetric 

blood flow. 

Figure 6 presents diagrams of the resistance indices 

RI𝑉𝑑
 and RI𝑉е𝑑

, calculated for a group of 15 study 

participants under different temperature conditions using 

Eqs. (5) and (6). 

Table 1 Mean parameter values of the 25-year-old study 

participant under different ambient temperature 

conditions (based on data from Fig. 5). 

Parameter 𝑽𝒅 (20 ± 1°C) 𝑽𝒆𝒅 (30 ± 1°C) 

RI (r.u.) 1.19 0.72 

PI (r.u.) 3.64 1.25 

 

 

Fig. 6 Diagram of changes in resistance indices RI𝑉𝑑
 and 

RI𝑉е𝑑
 in rooms with air temperatures of 20 ± 1°C and 

30 ± 1°C. *Significance of difference in RI values 

between the two conditions: p = 0.0007. 

The median resistance index decreased by 40%. 

Statistical analysis performed using the Wilcoxon T-test 

showed that the differences in resistance index values, 

calculated using both Eq. (5) and Eq. (6), at ambient 

temperatures of 20 ± 1 °C and elevated temperature of 

30 ± 1 °C were statistically significant (p = 0.0007).  

Figure 7 presents diagrams showing changes in the 

pulsatility indices PI𝑉𝑑
 and PI𝑉е𝑑

 for the group of 

15 study participants. 
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The median pulsatility index decreased by 64%. 

Statistical analysis using the Wilcoxon T-test 

demonstrated that the differences in pulsatility index (PI) 

values, calculated using both Eq. (7) and Eq. (9), 

between the ambient temperature of 20 ± 1 °C and the 

elevated temperature of 30 ± 1 °C were statistically 

significant (p = 0.0007). 

 

Fig. 7 Diagram of changes in the pulsatility indices PI𝑉𝑑
 

and PI𝑉е𝑑
 in rooms with air temperatures of 20 ± 1°C and 

30 ± 1°C. *Significance of difference in PI values 

between the two conditions: p = 0.0007. 

4 Discussion 

The reduction in arteriolar vascular resistance is 

attributed to decreased sympathetic tone in the 

peripheral vascular system, the direct vasodilatory 

effect of heat on vascular smooth muscles, and the 

activation of local vasodilators. Under thermoneutral 

and cold conditions, the sympathetic division of the 

autonomic nervous system regulates cutaneous blood 

flow by modulating the frequency of tonic 

vasoconstrictor impulses [35]. This mechanism is 

suppressed during heating [22, 36, 27, 25]. 

Vasodilation can result from both reduced 

sympathetic activity and the influence of local 

metabolites (CO2, H⁺, K⁺, adenosine, nitric oxide) and 

humoral factors reflecting current tissue demands for 

oxygen and nutrients. In some cases, local mechanisms 

ensuring adequate matching of blood flow to metabolic 

requirements may play a dominant role in regulating 

vascular tone [37, 38]. Specifically, activation of 

α1-adrenoceptors induces vasoconstriction, whereas 

stimulation of β2-adrenoceptors leads to vasodilation. 

Similar conclusions regarding the regulation of vascular 

tone in muscular-type arteries are reported by Tansey and 

Johnson [39].  

Our analysis of blood flow using laser Doppler 

flowmetry enabled the determination of the mechanism 

behind changes in vascular resistance during body 

heating. The increase in the perfusion reflects enhanced 

volumetric blood flow in the microcirculatory bed, 

primarily associated with arteriolar dilation and, 

consequently, reduced tone in arterial vessels. The 

observed increase in the amplitude of neurogenic (An) 

and myogenic (Am) oscillations during whole-body 

thermal exposure is also linked to decreased tone in the 

microcirculatory bed, resulting from smooth muscle 

relaxation and microvascular vasodilation [40, 41]. 

Comparison of the results of ultrasound and LDF 

measurements demonstrates that Doppler ultrasound of 

the major vessels with the determination of indices RI 

and PI can serve as a tool for diagnosing the regulation 

of the general tone of peripheral microvessels. The 

ultrasound Doppler waveforms clearly reveals the 

outcome of the interaction between elastic and muscular 

arteries during heating. Elastic arteries (aorta, pulmonary 

arteries) are characterized by a predominance of elastic 

fibers in the tunica media, which enables their ability to 

stretch during systolic ejection and passively recoil 

during diastole. This mechanical property ensures 

continuous antegrade blood flow [42, 43]. 

Elastic arteries function as a damping mechanism: 

during systole, their elastic walls stretch due to incoming 

high-pressure blood, and during diastole, the walls return 

to their original state, promoting gradual blood 

movement to the peripheral sections of the vascular 

system. During body heating, increased cardiac output 

enhances volumetric blood flow in elastic vessels [24]. 

These functional characteristics of elastic arteries explain 

the observed changes in the Doppler spectrum: increased 

instantaneous and peak amplitudes of blood flow velocity 

values. 

In contrast to elastic-type arteries, muscular-type 

arteries – including brachial, radial, and femoral vessels – 

possess a prominent layer of smooth muscle cells in the 

tunica media. This makes them more capable of active 

vasoconstriction and vasodilation in response to 

regulatory mechanisms [44]. Thermal exposure induces 

vasodilation in the microcirculatory bed, which 

influences blood flow characteristics in the arteries. This 

is manifested as reduced peripheral vascular resistance, 

evidenced by the disappearance of retrograde blood flow 

due to diminished contractile activity in muscular-type 

arteries. The decrease in peripheral resistance during 

heating reflects reduced arteriolar tone. Consequently, a 

reduction in RI and PI indices is observed during the 

thermal test. 

It should be noted that in the case of certain vascular 

pathologies, for example, arterial stenosis, the 

ultrasound Dopplerogram will be strongly distorted, 

and it will be impossible to assess the tone of the arteries 

and microcirculatory bed in the corresponding area of 

the arterial vascular system. If the pathology is 

associated with atherosclerosis, which leads to 

increased stiffness of the vascular walls, then the shape 

of the ultrasound Dopplerogram and the corresponding 

coefficients will be a marker of changes in the tone of 

the smooth muscles of the vessels of the 

microcirculatory bed. Thus, the results obtained 

may be of practical importance not only in the case of a 

norm, but also in the case of a malfunction of the 

mechanisms of regulation of microvascular tone. 
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5 Conclusions 

Laser Doppler flowmetry provides a comprehensive 

assessment of the vascular response, demonstrating an 

increase in the perfusion and the amplitudes of 

neurogenic (An) and myogenic (Am) oscillations during 

hyperthermia. This indicates the involvement of both 

sympathetic and local regulatory mechanisms in the 

process of adaptation to thermal stress. 

Ultrasound Doppler proves to be an effective tool for 

evaluating peripheral resistance in major arteries. Our 

findings establish that the decrease in ultrasound Doppler 

ultrasound indices – specifically the resistance index (RI) 

and pulsatility index (PI), along with the increase in 

amplitudes of neurogenic (An) and myogenic (Am) 

oscillations during hyperthermia induced by the general 

thermal functional test, result from relaxation of smooth 

muscles and vasodilation of vessels in the 

microcirculatory bed. 

Analysis of ultrasound Doppler data reveals that 

thermal exposure induces adaptive responses in different 

types of blood vessels. During whole-body heating, there 

is a reduction or complete disappearance of retrograde 

blood flow associated with altered tone in muscular-type 

vessels. Concurrently, the antegrade blood flow 

associated with elastic arteries maintains its positive 

direction. 

Thus, the main result of this study is the 

demonstration that changes in ultrasound Doppler 

indices in the major arteries during heating can serve as 

an indicator of vascular resistance in the microcirculatory 

bed, in particular, in arterioles. Furthermore, ultrasound 

Doppler enables detection of changes in vascular 

resistance within a single cardiac cycle, while laser 

Doppler flowmetry requires substantially more time 

(minutes) to register comparable changes in vascular 

resistance compared to ultrasound Doppler. 
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Abstract. Deep neural networks can classify dermoscopic images of skin 
lesions at a level comparable to that of medical experts. However, their lack of 
transparency limits the interpretability of model decisions, while existing 
explainable artificial intelligence techniques often produce pixel-level 
attributions that are difficult to relate to clinical diagnostic criteria. This study 
proposes the Graph Path Interpretability (GPI) metric, a quantitative model-
independent framework for assessing whether a model decision can be 
explained through a clinically meaningful path of the form “image – 
dermoscopic feature – diagnosis”. The study was conducted using the 
HAM10000 dataset containing 10015 images from seven diagnostic classes. 
An EfficientNet-B0 classifier achieved an accuracy of 0.81 and an AUC of 0.96 
and was combined with five ABCD-rule features and a knowledge graph 
linking dermoscopic features and diagnoses through statistically significant 
associations identified using the Benjamini–Hochberg correction. 
Interpretability was evaluated using the path coverage metric GPIcov, the 
weighted path metric GPIw, and a faithfulness test based on sequential concept 
removal. Three reasoning modules – graph attention, graph convolution, and 
multilayer perceptron (MLP), were compared under similar classification 
performance. The value of GPIcov was close to 1.0, indicating that nearly all 
model decisions could be associated with conceptual paths in the knowledge 
graph. Under comparable predictive performance, graph-based models 
generated decisions supported by clinically meaningful paths, whereas the 
MLP model did not exploit conceptual relationships. The concept-removal test 
was consistent with the generated explanations. Evaluation on the 
independent ISIC 2018 dataset yielded an accuracy of 0.78 and an AUC of 0.94, 
while GPIcov remained close to 1.0. The results indicate that GPI can serve as a 
complementary quantitative measure of interpretability for dermoscopic 
image classification models. 

Keywords: dermoscopy; skin cancer; explainable artificial intelligence; 
interpretability; knowledge graph; deep learning. 
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1 Introduction 

Dermoscopy is an optical imaging technique that 

enhances the visualization of subsurface skin structures 

and substantially improves the early detection of 

melanoma and other malignant skin lesions compared 

with unaided visual examination [1]. Over the past 

decade, deep convolutional neural networks (CNNs) 

trained on large dermoscopic image repositories have 

achieved performance comparable to, and in some cases 

exceeding, that of board-certified dermatologists in 

lesion classification tasks [2, 3]. The release of curated 

datasets such as HAM10000, which contains 

10015 dermoscopic images from seven diagnostic 
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categories [4], has accelerated progress in this field and 

enabled reproducible evaluation of machine-learning 

methods. 

Machine learning has also become a central 

component of optical skin cancer diagnostics in 

biomedical photonics. Convolutional and transformer-

based architectures have been applied to the 

classification of hyperspectral images of skin 

lesions [5, 6]; dermoscopic images have been combined 

with spectral information for lesion identification [7]; 

and Raman and autofluorescence spectroscopy have been 

used for optical biopsy of melanoma [8]. 

Despite the high classification performance of 

modern deep-learning models, interpreting their 

decisions remains a challenge for clinical deployment. A 

model that outputs a prediction such as “melanoma, 

p = 0.93” without explaining its rationale limits error 

analysis, clinical decision-making, and practical 

adoption [9]. To improve transparency, various 

explainable artificial intelligence (XAI) techniques have 

been proposed, including saliency maps, Grad-CAM, and 

SHAP, which identify influential image regions or 

estimate feature contributions to a prediction [10, 11]. 

However, these explanations are often difficult to 

interpret in clinical terms. Saliency and attribution 

methods highlight important image regions or features 

but do not directly relate them to diagnostic criteria 

routinely used in dermoscopy, such as the ABCD rule 

and dermoscopic structures [12]. In addition, 

interpretability is commonly assessed qualitatively, 

making quantitative comparison between models 

difficult. 

This study introduces the Graph Path Interpretability 

(GPI) metric, which represents an explanation as a path 

of the form “image – dermoscopic feature – diagnosis”. 

Dermoscopic features derived from the ABCD rule are 

used as the conceptual layer, while relationships between 

features and diagnostic categories are represented by a 

knowledge graph [13]. 

The main contributions of the study are as follows: 

 A GPI metric for the quantitative assessment of 

interpretability in dermoscopic image classification 

models is proposed. 

 A knowledge graph linking ABCD-rule features to 

the diagnostic categories of the HAM10000 dataset is 

developed. 

 Graph-based and non-graph-based models are 

compared under similar classification performance, 

and their interpretability is evaluated quantitatively. 

2 Materials and Methods  

2.1 Dataset and Data Splitting 

The HAM10000 dataset [4] was used in this study. It 

contains 10015 dermoscopic images from seven 

diagnostic categories: melanocytic nevi (nv), melanoma 

(mel), benign keratosis-like lesions (bkl), basal cell 

carcinoma (bcc), actinic keratoses and intraepithelial 

carcinoma (akiec), vascular lesions (vasc), and 

dermatofibroma (df). The class distribution is highly 

imbalanced, with melanocytic nevi representing the 

largest category. Because images may correspond to the 

same lesion, the dataset was split into training, validation, 

and test subsets using the lesion identifier (lesion_id). 

This prevented images of the same lesion from appearing 

in different subsets, avoiding information leakage 

between training and evaluation data. 

The dataset was divided into training, validation, and 

test sets in an approximate ratio of 70:15:15, 

corresponding to 7008, 1515, and 1492 images, 

respectively. To ensure reproducibility of the 

experiments, a fixed random seed (seed = 42) was used 

throughout all data-splitting procedures. 

2.2 Baseline Classification Model 

EfficientNet-B0 [14], pretrained on the ImageNet 

dataset, was used as the baseline classification model and 

subsequently fine-tuned to classify dermoscopic images 

into seven diagnostic categories. All images were resized 

to 224 × 224 pixels. 

To address class imbalance, a class-weighted loss was 

employed, with weights inversely proportional to class 

frequencies. Model training used the AdamW optimizer 

(learning rate = 1×10⁻4, weight decay = 1×10⁻4) for 

30 epochs. The final model was selected according to the 

highest validation accuracy. Classification performance 

was evaluated using Accuracy, Balanced Accuracy, 

macro-F1, and macro-AUC. Ninety-five-percent 

confidence intervals for all test-set metrics were obtained 

by non-parametric bootstrap resampling of the test set 

(2000 resamples). 

2.3 Dermoscopic Features 

Five interpretable features corresponding to the ABCD 

rule [12] were extracted for each image. All features were 

normalized to the range [0, 1]: 

 Asymmetry (A) – the degree of mismatch between 

the lesion mask and its reflections across the principal 

axes passing through the centroid. 

 Border irregularity (B) was defined as 1 – circularity, 

where circularity is calculated as 

4π × area / perimeter2. 

 Color variation (C) was measured as the number of 

color clusters obtained using k-means clustering in 

the CIE-Lab color space and occupying at least 5% of 

the lesion area. 

 Diameter (D) – the equivalent lesion diameter 

normalized by image size. 

 Structure (S) – structural heterogeneity measured as 

the normalized Shannon entropy of the lesion 

brightness histogram. 

Lesion masks from the HAM10000 segmentation 

dataset [4] were used whenever available. For images 

without provided segmentations, masks were generated 

using Otsu thresholding applied to the inverted grayscale 

image. Since all features are computed directly from the 

image and lesion mask, they are independent of the 
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classification architecture, ensuring the model-

independent nature of the proposed GPI metric. 

2.4 Knowledge Graph Linking Features and 

Diagnoses 

A knowledge graph linking dermoscopic features and 

diagnostic categories was constructed. Graph edges 

represent the strength and statistical significance of 

associations between feature c and diagnosis k, estimated 

exclusively on the training set. 

Edge weights were computed using the point-biserial 

correlation coefficient rck between the feature value and 

a one-vs-rest binary class indicator. Multiple hypothesis 

testing was controlled using the Benjamini-Hochberg 

procedure. Associations were considered statistically 

significant when q < 0.05 and r > 0. Only statistically 

significant feature–diagnosis associations were included 

in the graph. Out of 35 possible feature-diagnosis pairs, 

11 positive associations satisfied the significance criteria 

and were retained as graph edges. 

2.5 Reasoning Modules 

To compare interpretability, three reasoning modules 

were trained using the same set of five dermoscopic 

features. Classification was performed on the basis of a 

shared conceptual feature representation [15]. 

GAT – feature nodes are aggregated using a graph 

attention mechanism [16]. The embedding produced by 

the baseline classifier serves as the attention query. The 

resulting feature weights wi, normalized with a softmax 

function, are interpreted as path weights in the 

computation of GPI. 

GCN – feature nodes are aggregated through graph 

convolution without an attention mechanism. In the GPI 

calculation, path weights are determined solely by the 

presence of the corresponding features. 

MLP – the five-dimensional feature vector is 

provided directly to a multilayer perceptron without 

using graph structure. 

All models were trained under identical optimization 

settings (AdamW, 50 epochs) and selected according to 

validation-set performance. The use of a common 

conceptual representation minimizes the influence of 

classification accuracy differences when comparing 

model interpretability. 

2.6 GPI Metric 

For each image, explanation paths of the form “image – 

feature – diagnosis” are considered. A path is regarded as 

valid if feature i is present in the image cᵢ > τ, τ = 0.2) and 

the association between this feature and the predicted 

class ŷₙ is statistically significant q < 0.05. 

The path coverage metric quantifies the proportion of 

predictions for which at least one valid path exists 

between the image and the predicted class: 

𝐺𝑃𝐼𝑐𝑜𝑣 =
1

𝑁
∑ 𝐼𝑛
𝑁
𝑛=1 , 

where Iₙ = 1 if at least one feature i satisfies cᵢ⁽ⁿ⁾ > τ and 

has a significant edge to the predicted class ŷₙ, and Iₙ = 0 

otherwise. 

The weighted interpretability metric measures the 

proportion of the model contribution associated with 

valid explanation paths: 

𝐺𝑃𝐼𝑤 =
1

𝑁
∑

∑ 𝑤𝑖
(𝑛)

∙𝑠𝑖
(𝑛)

𝑖

∑ 𝑤
𝑖
(𝑛)

𝑖

𝑁
1 , 

where, 𝑤𝑖  denotes the importance of feature i for the 

reasoning module, whereas 𝑠𝑖  indicates the clinical 

validity of the corresponding path for the predicted class. 

Consequently, 𝐺𝑃𝐼𝑤  represents the fraction of the model 

decision weight attributable to clinically valid 

explanation paths. 

For the GAT model, the values 𝑤𝑖  correspond to 

attention coefficients. For the GCN model, 𝑤𝑖  are 

derived from normalized feature values. The metric 

𝐺𝑃𝐼𝑤  is not computed for the MLP model because it does 

not produce explicit feature importance weights. 

Both metrics are bounded within the interval [0,1]. 

High values of 𝐺𝑃𝐼𝑐𝑜𝑣 indicate that explanations can be 

constructed for most model decisions using paths in the 

knowledge graph. High values of 𝐺𝑃𝐼𝑤  indicate that a 

substantial proportion of the model contribution is 

associated with valid feature-diagnosis paths. 

2.7 Faithfulness Evaluation 

To assess the consistency between generated 

explanations and model behaviour, a sequential concept-

removal test was employed [17]. Features were 

iteratively removed in descending order of their 

importance 𝑤𝑖 , and the resulting change in the 

confidence of the predicted class was measured. 

If the removal of the most important features leads to 

a substantial decrease in model confidence, the 

explanation is considered faithful to the underlying 

decision-making process. Quantitative evaluation was 

performed using the area under the deletion curve 

(Deletion AUC), where lower values indicate a stronger 

influence of the removed features on the classification 

outcome. 

For the MLP model, which does not generate explicit 

feature importance weights, the feature-removal order 

was selected randomly and used as a baseline control 

condition. 

3 Results 

3.1 Classification Performance 

The EfficientNet-B0 model achieved an Accuracy of 

0.807, a Balanced Accuracy of 0.677, a macro-F1 score 

of 0.668, a macro-AUC of 0.955 on the test set (Fig. 1). 

The corresponding 95% bootstrap confidence 

intervals were [0.787, 0.826] for accuracy, [0.622, 0.728] 

for balanced accuracy, [0.617, 0.708] for macro-F1 and 

[0.947, 0.962] for macro-AUC; a per-split comparison is 

given in Table 1. 
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Fig. 1 Normalized confusion matrix for the 

EfficientNet-B0 classifier on the HAM10000 test set 

(n = 1492). Rows are true diagnoses and columns 

predicted diagnoses; each row is normalized to sum to 

one, so the diagonal gives the per-class recall. Class 

abbreviations: akiec – actinic keratosis, bcc – basal cell 

carcinoma, bkl – benign keratosis-like lesion, df – 

dermatofibroma, mel – melanoma, nv – melanocytic 

nevus, vasc – vascular lesion. 

The highest classification performance was obtained 

for the melanocytic nevus class nv, which represents the 

largest category in the dataset (n = 997 in the test set). 

The lowest F1 scores were observed for rare classes, 

particularly dermatofibroma (df, n=13), reflecting the 

pronounced class imbalance of the HAM10000 dataset. 

The obtained results are consistent with previously 

reported performance levels for models of similar 

complexity on the HAM10000 dataset [4] and were 

subsequently used as the baseline for interpretability 

evaluation. 

3.2 Knowledge Graph of Feature-Diagnosis 

Associations 

The results of the correlation analysis are summarized in 

Table 2, and the corresponding knowledge graph is 

shown in Fig. 2. Of the 35 examined feature-diagnosis 

pairs, 25 were found to be statistically significant 

q < 0.05, including eleven positive and fourteen negative 

associations. 

Only positive associations r > 0, were included in the 

knowledge graph, resulting in a total of eleven edges. 

The largest number of associations were identified for 

melanoma. This class showed statistically significant 

positive correlations with structural heterogeneity 

(r = 0.22), border irregularity (r = 0.13), lesion diameter 

(r = 0.10), and asymmetry (r = 0.03). Positive 

associations with border irregularity and diameter were 

also observed for actinic keratosis and benign keratosis-

like lesions. No positive associations were identified for 

basal cell carcinoma or vascular lesions. 

The identified relationships are consistent with 

established clinical knowledge regarding dermoscopic 

characteristics of skin lesions. In particular, the strongest 

associations observed for melanoma involved structural 

heterogeneity and border irregularity. 

Table 1 Classification performance of the EfficientNet-B0 model on the training, validation and test splits 

(7008/1515/1492 images). The close agreement between the validation and test metrics, together with the narrow 

bootstrap confidence intervals, indicates that the reported test performance is a stable estimate; the high training accuracy 

reflects the expected fit to the training split under early stopping on the validation set. 

Split Accuracy 
Balanced 

Accuracy 
macro-F1 macro-AUC 

Training 0.996 0.999 0.993 1.000 

Validation 0.831 0.692 0.697 0.957 

Test 0.807 0.677 0.668 0.955 

Test, 95% CI 0.787–0.826 0.622–0.728 0.617–0.708 0.947–0.962 

Table 2 Point-biserial correlation coefficients (r) between dermoscopic features (rows) and diagnostic categories 

(columns), computed on the HAM10000 training set (n = 7008). Positive coefficients indicate association with the 

corresponding diagnosis. Decimal separators are dots. 

Feature akiec bcc bkl df mel nv vasc 

Asymmetry 0.02 −0.01 0.00 −0.06 0.03 −0.01 −0.04 

Border Irregularity 0.12 −0.01 0.15 −0.06 0.13 −0.19 −0.10 

Color Variation −0.05 −0.19 −0.06 −0.01 0.02 0.14 −0.01 

Diameter 0.13 −0.01 0.10 0.03 0.10 −0.17 −0.09 

Structural Heterogeneity −0.09 −0.13 −0.14 −0.10 0.22 0.07 −0.01 

Abbreviations: akiec – actinic keratosis, bcc – basal cell carcinoma, bkl – benign keratosis-like lesion, 

df – dermatofibroma, mel – melanoma, nv – melanocytic nevus, vasc – vascular lesion. 
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Fig. 2 Knowledge graph of the eleven statistically 

significant positive feature–diagnosis associations 

(Benjamini-Hochberg q < 0.05, r > 0) obtained on the 

HAM10000 training set. Green nodes are the five 

ABCD-derived dermoscopic concepts (left) and coloured 

nodes are diagnoses (right); a directed edge concept → 

diagnosis denotes a significant positive point-biserial 

correlation, with edge thickness and colour proportional 

to |r| (colour bar). Basal cell carcinoma (bcc) and vascular 

lesions (vasc) have no positive edge and are omitted, as 

their only significant associations are negative (Table 2). 

The complete results of the correlation analysis are 

presented in Table 2. Two observations are noteworthy. 

First, the absence of positive edges for basal cell 

carcinoma and vascular lesions does not imply the 

absence of feature–diagnosis relationships. For these 

classes, statistically significant negative associations 

were identified but were excluded from the knowledge 

graph according to the adopted edge-construction rule. 

Second, the only positive association involving the color 

feature was observed for melanocytic nevi r = 0.14, 

whereas no statistically significant association was found 

for melanoma. This result may be attributable to the use 

of the number of color clusters as a measure of color 

variation and suggests that more detailed color 

descriptors could improve the representation of 

chromatic information. 

3.3 Comparison of Reasoning Architectures 

Using GPI 

The comparison results for the reasoning modules are 

presented in Table 3 and Fig. 3. All models used the same 

set of five conceptual features and differed only in the 

way these features were aggregated. The Accuracy 

values for GAT, GCN, and MLP were 0.670, 0.668, and 

0.676, respectively, allowing interpretability to be 

compared under similar classification performance. For 

all models, the value of 𝐺𝑃𝐼𝑐𝑜𝑣  was close to unity (1.000 

for GAT and GCN, and 0.999 for MLP), indicating that 

at least one knowledge-graph path linking the observed 

features to the predicted diagnostic class existed for 

almost all predictions. 

 

Fig. 3 Interpretability metrics (𝐺𝑃𝐼𝑐𝑜𝑣  and 𝐺𝑃𝐼𝑤 ) and 

classification accuracy of the three reasoning modules 

(GAT, GCN, MLP). Despite similar accuracy 

(0.67–0.68), only the graph-based modules achieve non-

zero 𝐺𝑃𝐼𝑤 , indicating reliance on clinically valid feature-

diagnosis paths. 

Table 3 Test-set classification accuracy, interpretability metrics (path coverage 𝐺𝑃𝐼𝑐𝑜𝑣  and weighted interpretability 

𝐺𝑃𝐼𝑤 ) and faithfulness (deletion AUC) for the three reasoning modules trained on the same five dermoscopic 

features of the full HAM10000 dataset (10015 images; test n = 1492). A lower deletion AUC denotes a more faithful 

explanation; for the MLP the value is a random-order control (Fig. 4). The 95% bootstrap confidence intervals, 

calculated from 2000 resamples of the test set, overlap for all three modules (GAT [0.64, 0.69], GCN [0.65, 0.69], 

and MLP [0.65, 0.70]), indicating that their accuracies are statistically indistinguishable; for the graph -based 

modules, 𝐺𝑃𝐼𝑐𝑜𝑣  = [1.00, 1.00]. The within-test-set sampling variability of 𝐺𝑃𝐼𝑤 is negligible; its dominant source 

of variation is the training random seed, which is why the GAT-GCN ordering of 𝐺𝑃𝐼𝑤  is treated as indicative rather 

than definitive. 

Model Test Accuracy 𝑮𝑷𝑰𝒄𝒐𝒗 𝑮𝑷𝑰𝒘 Deletion AUC 

GAT 0.670 1.000 0.416 0.885 

GCN 0.668 1.000 0.559 0.953 

MLP 0.676 0.999 0.000 
0.691 

(Random Baseline) 

Abbreviations: GAT – graph attention, GCN – graph convolution, MLP – multilayer-perceptron baseline without graph 

structure. 
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The largest differences were observed for 𝐺𝑃𝐼𝑤 . Its 

values were 0.416 for GAT and 0.559 for GCN, whereas 

𝐺𝑃𝐼𝑤  was equal to 0 for MLP. This result indicates that 

a substantial fraction of the decision process in graph-

based models is associated with clinically meaningful 

paths represented in the knowledge graph. In contrast, the 

MLP model does not utilize conceptual relationships and 

therefore cannot assign decision weight to knowledge-

graph paths. 

3.4 Faithfulness Evaluation 

The results of the sequential feature-removal test are 

presented in Fig. 4, which shows, for each module, how 

the predicted-class probability decays as the most 

important dermoscopic features are progressively 

removed. 

 

Fig. 4 Faithfulness assessment by sequential concept 

removal. The five dermoscopic features are deleted one 

at a time in decreasing order of their model-assigned 

importance wi; the curve shows the retained probability 

of the predicted class (normalized to its undeleted value, 

y-axis) versus the fraction of features removed (x-axis). 

Removing the most decisive features first produces an 

early, steep decline, so a smaller area under the deletion 

curve (deletion AUC, given in the legend) indicates a 

more faithful explanation. Among the graph-based 

modules GAT (0.885) is more faithful than GCN (0.953). 

The MLP produces no importance weights; its features 

are removed in random order and it serves only as a 

control, so its value (0.691) is not a faithfulness measure 

and is not comparable with the graph-based modules. 

For the GAT model, the area under the deletion curve 

was 0.885, whereas for GCN it was 0.953. A lower 

Deletion AUC indicates a larger decrease in model 

confidence when the most important features are 

removed and therefore reflects a stronger correspondence 

between the generated attributions and the underlying 

decision-making process. 

These results suggest that the attention coefficients 

learned by GAT provide a more faithful representation of 

feature contributions than the uniform aggregation 

mechanism employed by GCN. The observed differences 

between the models remained consistent both on a subset 

of 5000 images and on the full dataset. 

For the MLP model, the feature-removal order was 

selected randomly because the architecture does not 

generate explicit feature importance weights. 

Consequently, the deletion results for MLP were used 

only as a baseline control and were not interpreted as a 

measure of attribution quality. 

An example of an explanation path with a 𝐺𝑃𝐼𝑤  value 

of 0.76 for an individual image is shown in Fig. 5. 

 

Fig. 5 Example of an explanation path for a single image: 

the path links the dermoscopic image to a present ABCD 

feature (edge HAS_FEATURE, weight w equal to the 

feature value) and then to the predicted diagnosis (edge 

ASSOCIATED_WITH, weight equal to the point-

biserial coefficient r of the corresponding knowledge-

graph edge). The path-level interpretability score for this 

decision is 𝐺𝑃𝐼𝑤  = 0.76. 

 
(a) (b) 

 
(c) (d) 

Fig. 6 Explanation paths of the GPI metric on four 

representative HAM10000 test images. Green frames 

indicate decisions with a valid explanation path based on 

a present ABCD feature significantly associated with the 

true diagnosis; the red frame indicates a case with no 

valid positive feature-diagnosis path in the ABCD 

knowledge graph. (a) melanoma explained by structural 

heterogeneity; (b) melanocytic nevus explained by color 

variation; (c) benign keratosis-like lesion explained by 

border irregularity; (d) basal cell carcinoma with no valid 

positive feature–diagnosis path. Feature abbreviations: 

A – asymmetry, B – border irregularity, C – color 

variation, D – diameter, S – structural heterogeneity; r is 

the point-biserial edge weight (Table 2). 

To illustrate how the metric evaluates the ABCD rule 

on individual images, Fig. 6 shows four representative 

test cases. In the three lesions with a valid explanation 

path – melanoma via the Structure→melanoma edge 

(r = 0.22), melanocytic nevus via Color→nevus 

(r = 0.14) and benign keratosis via Border→bkl 

(r = 0.15) – the ABCD features present in the image 
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connect through a statistically significant edge to the 

correct diagnosis, so the decision is explainable and 

contributes to 𝐺𝑃𝐼𝑐𝑜𝑣 . For the basal cell carcinoma none 

of the present features has a significant positive edge to 

the bcc class (consistent with bcc showing only negative 

feature associations, Table 2), so no valid path exists and 

the metric correctly reports the decision as not 

explainable by the ABCD graph. These examples 

confirm that the metric operates directly on the ABCD-

rule concepts and distinguishes explainable from non-

explainable decisions. 

3.5 External Validation on an Independent 

Dataset 

To assess the generalization capability of the proposed 

approach, an additional evaluation was performed using 

the independent ISIC 2018 Task 3 dataset, which 

contains 1511 dermoscopic images from seven 

diagnostic categories. Model training was conducted on 

the HAM10000 dataset (8831 images for training and 

1184 for validation, split by lesion_id), after which the 

model was evaluated on ISIC 2018 without further fine-

tuning. 

On the external dataset, the classifier achieved an 

Accuracy of 0.784, a Balanced Accuracy of 0.644, a 

macro-F1 score of 0.660, and a macro-AUC of 0.939. 

Compared with the results obtained on HAM10000 

(0.807, 0.677, 0.668, and 0.955, respectively), only a 

moderate decrease in performance was observed, 

indicating that the model retained its effectiveness on 

previously unseen data. 

Correlation analysis performed on the combined 

training data confirmed the main relationships between 

dermoscopic features and diagnostic categories. The 

strongest association remained that between structural 

heterogeneity and melanoma, with r = 0.22 and 

q ≈ 7×10⁻93. In total, 13 statistically significant positive 

associations were identified. 

The primary interpretability metric, 𝐺𝑃𝐼𝑐𝑜𝑣 , remained 

close to unity, indicating that explanation paths through 

the knowledge graph were preserved for the vast majority 

of predictions on the independent dataset as well (Fig. 7). 

The conceptual reasoning modules based solely on 

five dermoscopic features exhibited a more pronounced 

decrease in performance on the independent dataset than 

the baseline classifier. This reduction is likely 

attributable to the limited information content of the 

compact feature set and differences in lesion 

segmentation quality. Whereas expert-provided lesion 

masks were available for HAM10000 images, 

segmentation masks for part of the external dataset were 

generated automatically using Otsu thresholding, which 

may have introduced additional errors into feature 

extraction. 

Despite this reduction in predictive performance, the 

main findings related to interpretability remained 

unchanged. The knowledge graph reproduced the 

principal associations between dermoscopic features and 

diagnostic categories, and the value of 𝐺𝑃𝐼𝑐𝑜𝑣  remained 

close to unity. A more detailed investigation of the 

robustness of 𝐺𝑃𝐼𝑤  on independent datasets will require 

more reliable methods for extracting conceptual features 

and is considered a direction for future research. 

 

Fig. 7 Normalized confusion matrix for the classifier 

trained on HAM10000 and evaluated, without retraining, 

on the independent ISIC 2018 Task 3 test set (n = 1511). 

Rows are true and columns predicted diagnoses (row-

normalized); the preserved diagonal structure indicates 

that the backbone generalizes across datasets. Class 

abbreviations as in Fig. 1. 

4 Discussion 

The results demonstrate that the interpretability of 

dermoscopic image classifiers can be quantified using 

diagnostic features routinely employed in clinical 

practice. Unlike saliency maps and other visual 

explanation techniques, the proposed approach links 

model decisions to specific ABCD-rule features and 

statistically validated associations between features and 

diagnoses. As a result, explanations are expressed in 

terms familiar to clinicians and can be directly related to 

established diagnostic criteria. 

The problem of making deep dermoscopic classifiers 

interpretable has motivated a growing body of work. 

Post-hoc attribution methods such as saliency maps [18], 

LIME [19], class activation mapping [20], integrated 

gradients [21] and layer-wise relevance propagation [22] 

highlight influential pixels, whereas concept-based 

approaches such as TCAV [23], concept bottleneck 

models [15], prototype networks [24] and automatic 

concept extraction [25] relate predictions to higher-level 

concepts. In dermatology, multimodal and taxonomy-

driven frameworks such as ExAID [26] and explainable 

diagnosis using taxonomies [27] generate concept-level 

justifications, and recent surveys of dermoscopic feature 

analysis [28] and of medical explainable AI [29] 

emphasise that interpretability should be expressed 

through the diagnostic criteria that clinicians already use. 

The present knowledge-graph formulation follows this 

line but adds a quantitative, model-agnostic score rather 

than a purely qualitative explanation. 
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The proposed metrics capture different aspects of 

interpretability. 𝐺𝑃𝐼𝑐𝑜𝑣  reflects the existence of at least 

one explanation path through the knowledge graph, 

whereas 𝐺𝑃𝐼𝑤  quantifies the extent to which such paths 

contribute to the final prediction. In the present study, 

explanation paths were identified for nearly all 

predictions, both on the original dataset and during 

external validation. Differences between models were 

observed primarily in the degree to which these paths 

contributed to decision making. 

The proposed framework distinguishes between 

models that explicitly exploit conceptual features through 

a knowledge graph and models that operate without a 

graph-based representation of knowledge. Under 

comparable classification performance, graph-based 

models exhibited a stronger correspondence between 

model decisions and clinically meaningful explanation 

paths. The sequential feature-removal analysis further 

confirmed the consistency of these explanations with 

model behaviour. Here the graph-based modules used 

graph attention [16] and graph convolution [30] to 

aggregate the conceptual features. 

The faithfulness of explanations was assessed by 

sequential concept removal, following the rationale of 

remove-and-evaluate protocols [17, 31] and their known 

caveats [32]. Such perturbation-based measures, together 

with rationale-alignment benchmarks [33] and 

quantitative evaluations of saliency [34], have become 

standard tools for verifying that a highlighted feature is 

actually used by the model. In our setting the deletion 

analysis separated the graph-based reasoning modules 

from the black-box baseline, indicating that the GPI paths 

reflect genuine model behaviour rather than a post-hoc 

rationalisation. 

The use of conceptual features did not lead to a 

substantial reduction in classification performance 

compared with models lacking an explicit knowledge 

representation. This observation is consistent with 

previous studies on concept-based learning and suggests 

that interpretability and predictive performance can be 

combined within a single architecture. 

The proposed method complements existing 

explainable artificial intelligence approaches. 

Techniques such as Grad-CAM identify image regions 

that influence model predictions, whereas the graph-

based approach relates predictions to diagnostic features 

and their relationships with diagnostic categories. 

Combining these complementary forms of explanation 

represents a promising direction for future research. 

From the perspective of clinical deployment, the 

practical value of the proposed approach lies in 

expressing each decision through the ABCD criteria 

[12, 35] that dermatologists apply routinely, which may 

lower the barrier to trust and adoption relative to opaque 

predictions [36]. Modern computer-aided diagnosis 

systems, built on deep convolutional [37, 38] and 

transformer [39] architectures, already match or exceed 

dermatologist performance on curated benchmarks [2, 3, 

40, 41], and classifiers trained on large clinical image 

collections have reached specialist-level accuracy 

[42, 43]. Importantly, the largest gains in prospective 

studies arise from human–computer collaboration rather 

than from autonomous prediction [44]; an interpretability 

score that exposes whether a model reasons along 

clinically validated feature–diagnosis paths is directly 

useful in this collaborative setting. Optical modalities 

beyond dermoscopy – hyperspectral imaging [5, 6], 

combined dermoscopic-spectral analysis [7] and Raman 

or autofluorescence spectroscopy [8] – are increasingly 

used for skin-cancer diagnosis, and the modality-

independent GPI metric could complement them by 

quantifying how far a model’s reasoning follows 

established feature–diagnosis relationships. Rather than 

competing with existing diagnostic pipelines, the metric 

is intended as an auxiliary, quantitative interpretability 

criterion reported alongside accuracy when a model is 

selected or certified for clinical use. 

Several limitations should be acknowledged. The 

study relied on a simplified set of conceptual features 

derived from the ABCD rule, feature quality depended 

on lesion-segmentation accuracy, and evaluation was 

performed on a limited number of datasets. Expanding 

the feature vocabulary to include more detailed 

dermoscopic structures and conducting multi-centre 

validation studies may further improve the practical 

value of the approach. Future work will also investigate 

the applicability of the proposed metric to other medical 

imaging tasks and compare it with existing 

interpretability assessment methods. Broader validation 

on additional public collections such as the ISIC 2018 

challenge data [45], BCN20000 [46] and seven-point-

checklist datasets [47], together with formal notions of 

interpretability [48], is a natural next step. 

5 Conclusions 

A GPI metric was proposed for the quantitative 

assessment of interpretability in dermoscopic image 

classification models. The metric is based on the analysis 

of paths linking an image, dermoscopic features, and 

diagnostic categories through a knowledge graph. 

Experiments on the HAM10000 dataset 

(10015 images) showed that the EfficientNet-B0 

classifier reached an accuracy of 0.807, a balanced 

accuracy of 0.677, a macro-F1 of 0.668 and a macro-

AUC of 0.955. A knowledge graph built from ABCD-

rule features and comprising 11 statistically significant 

positive feature–diagnosis associations (q < 0.05) 

provided explanation paths for virtually all 

classifier decisions (𝐺𝑃𝐼𝑐𝑜𝑣  = 1.0). Under comparable 

classification accuracy (0.67–0.68 for all reasoning 

modules), the proposed metric clearly separated models 

that explicitly use conceptual features (𝐺𝑃𝐼𝑤 = 0.416 for 

GAT and 0.559 for GCN) from the graph-free baseline 

(𝐺𝑃𝐼𝑤  = 0 for MLP). The sequential concept-removal 

analysis confirmed the faithfulness of the explanations, 

the deletion AUC being 0.885 for GAT and 0.953 for 

GCN versus 0.691 for MLP. 

External validation on the independent ISIC 2018 

dataset reproduced the principal feature-diagnosis 

associations and preserved interpretability 
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(𝐺𝑃𝐼𝑐𝑜𝑣  ≈ 1.0), while classification accuracy decreased 

to 0.784. These results demonstrate the feasibility of 

quantitatively assessing interpretability using diagnostic 

features employed in clinical practice. The proposed GPI 

metric can serve as an additional criterion for the 

development and comparison of artificial intelligence 

models for dermoscopic image analysis. 
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Abstract. Infant cry analysis is a non-invasive biomedical acoustic signal 
processing task that can support reliable neonatal monitoring. However, 
reported high classification accuracy may be affected by dataset imbalance 
and data leakage rather than true model generalization. This study 
investigates the effect of leakage-free evaluation and hybrid acoustic feature 
representation on infant cry classification under imbalanced data conditions. 
A file-level partitioning protocol was applied before augmentation, feature 
scaling, and model training to preserve independence between training and 
testing data. Hybrid acoustic features, including Mel Frequency Cepstral 
Coefficients (MFCC) statistics, root-mean-square (RMS) energy, zero-crossing 
rate, pitch-related descriptors, and spectral features, were extracted from 
eight infant cry categories. Four lightweight machine learning models were 
evaluated using accuracy, Macro-F1, and balanced accuracy. Under leakage-
free evaluation, support vector machines (SVMs) achieved the most balanced 
performance with 86.41% accuracy, 0.7376 Macro-F1, and 68.43% balanced 
accuracy. In contrast, leaky evaluation inflated performance above 90% across 
models. These findings indicate that reliable infant cry classification depends 
on leakage-free evaluation, imbalance-aware metrics, and biomedical acoustic 
feature integration rather than model complexity alone. 
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1 Introduction 

The cry classification of infants is a significant research 

area in biomedical acoustic signal processing since 

crying is an early non-invasive behavioral cue of the 

infant’s needs and physiological discomfort. Cry signals 

can offer complementary data that can be used for 

neonatal monitoring, such as hunger, pain, fatigue, 

thermal stress, fear, loneliness, or overall distress. Unlike 

conventional physiological measures, cry analysis does 

not necessitate direct contact with the body and thus can 

become an extra layer of behavior sensing in smart 

neonatal care systems, and even be used for continuous 

monitoring [1]. 

Although there is potential for reliable classification 

of infant cries, it continues to be a challenge. Cry signals 

are highly non-stationary and affected by the infant’s 

physiological state, emotional state and recording 

environment [2]. This means that there can be acoustic 

similarities between different cry categories, which 

makes the classification problem more complicated than 

just labelling. Discriminative information is spread over 

multiple acoustic dimensions such as spectral structure, 

temporal irregularity, vocal intensity, pitch behavior and 

harmonic content. Hence, one feature type may not be 

enough to capture the entire structure of infant cry 

signals [3]. 

The other major problem is methodological 

reliability. High classification accuracy has been reported 

in several studies, but this could be due to data imbalance, 

inadequate evaluation control, or data leakage. Leakage 

happens when two samples, which are acoustically 
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similar or enhanced versions of the same sample, are in 

both the training and testing sets. In this situation, the 

model might learn the patterns of the recordings instead 

of the cry patterns. Furthermore, the accuracy of the 

overall performance may be misleading in imbalanced 

data sets because good performance on the majority class 

may mask poor performance on the minority classes. 

Therefore, for a reliable performance assessment it is 

crucial to have leakage-free evaluation and imbalance-

sensitive metrics like Macro-F1 and balanced accuracy [4]. 

To overcome these challenges, this study aims to 

introduce a leakage-free infant cry classification 

framework using a combination of hybrid biomedical 

acoustic features and lightweight machine learning. To 

ensure independence of the test set, the original 

recordings are split at the file level prior to augmentation, 

normalization and model training [5]. A hybrid of feature 

representation is extracted to include complementary 

spectral, temporal, energy-based and pitch-related 

features of the cry signals. Then, four lightweight 

machine learning models are tested under the same 

experimental conditions with accuracy, Macro-F1 and 

balanced accuracy [6]. 

What is most important in this study is that the 

classification of infant cries is reliable and that the 

consistency between acoustic representation, leakage-

free evaluation design, and model suitability are crucial. 

This offers a more accurate foundation for the 

incorporation of cry analysis into smart neonatal 

monitoring systems. 

2 Literature Review 

Cry analysis of infants has become a biomedical acoustic 

signal processing problem which seeks to extract 

clinically relevant behavior from raw vocalizations. 

Previous studies typically used a two-stage pipeline: 

acoustic signal representation and classification using 

machine learning. Mel-frequency cepstral coefficients 

(MFCCs) are still popular handcrafted descriptors due to 

their ability to give a compact and perceptually 

meaningful representation of the spectral envelope of 

infant cry signals. But infant crying is very non-

stationary and is not completely described by the spectral 

envelope information [7]. Other cry characteristics that 

can vary between distress cries and non-distress cries 

include temporal instability, intensity of cries, pitch of 

cries, harmonic structure, and frequency distribution [8]. 

Therefore, recent studies have turned to hybrid acoustic 

representations, which include the MFCCs along with 

root-mean-square (RMS) energy, zero-crossing rate, 

pitch-related descriptors, spectral centroid, spectral 

bandwidth, spectral contrast, chroma and Mel-

spectrogram statistics .This multi-domain representation 

is necessary because the discriminative structure of infant 

cry categories is not always determined by a single 

acoustic cue, but is more often the result of the interaction 

of complementary acoustic cues [9]. 

Infant cry classification has been a focus point of 

machine learning. Structured acoustic descriptors have 

been shown to be useful for classification, for example 

by classical models like support vector machine (SVM), 

k-nearest neighbors (KNN), Random Forest or boosting 

based classifiers, especially when data is limited. The 

nonlinear decision boundaries of SVM are particularly 

important, as they can model complex relationships in 

high dimensional hybrid feature spaces [10]. Meanwhile, 

deep learning methods such as convolutional neural 

networks (CNNs), long short-term memory (LSTM), 

CNN-LSTM, and spectrogram-based models have been 

used to directly learn time-frequency patterns from the 

transformed acoustic data. While these models can 

enhance the representational ability, they strongly rely on 

the size of the data set, class balance, recording conditions, 

and evaluation protocol. Thus, complexity of the model 

does not necessarily imply generalization between small, 

imbalanced biomedical acoustic datasets [11]. 

One of the major drawbacks in literature is that high 

accuracy could be due to methodological artifacts, not 

necessarily to recognition ability. Leakage may happen if 

augmented or acoustically correlated samples are used in 

both the training and testing sets, which results in models 

learning the patterns of the recording rather than the cry 

characteristics. Moreover, the overall accuracy may be 

deceiving in cases of severe class imbalance as good 

performance on majority class can hide poor 

performance on minority classes. Hence, to achieve 

credible evaluation, it is essential to use leakage-free 

partitioning, training-only augmented data, and 

imbalance sensitive measures like Macro-F1 and 

balanced accuracy [12]. 

In terms of systems, infant cry analysis is best utilized 

as a non-contact behavioral sensing layer on smart 

neonatal monitoring platforms. It should be used in 

conjunction with the physiological and environmental 

monitoring and not as a substitute for clinical 

diagnosis [13]. Therefore, models which are 

interpretable and edge-deployable are of crucial 

importance for practical applications in the neonatal 

space, where the computational cost is low, the ability to 

make local inferences is required, and the models must 

be robust to real acoustic conditions [14]. This inspires 

the current research, which focuses on leakage-free 

evaluation, hybrid acoustic feature fusion and 

lightweight machine learning for robust infant cry 

classification. 

3 Materials and Methods 

3.1 Dataset Description and Preprocessing 

The dataset for this study is comprised of 512 original 

infant cries, divided into eight categories: 1) belly pain, 

2) burping, 3) cold/hot, 4) discomfort, 5) hungry, 

6) lonely, 7) scared, and 8) tired. The data set is very 

skewed, with the hungry class being the majority. This 

imbalance is due to the practical challenge of infant cry 

classification and thus, evaluation metrics need to take 

into account class-wise behavior [15]. The distribution of 

the original recordings across the eight cry categories is 

presented in Table 1. 
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Table 1 Distribution of infant cry samples across 

categories. 

Class Label Number of Files Percentage (%) 

Belly Pain 16 3.13% 

Burping 18 3.52% 

Cold/Hot 7 1.37% 

Discomfort 30 5.86% 

Hungry 382 74.61% 

Lonely 11 2.15% 

Scared 20 3.91% 

Tired 28 5.47% 

Total 512 100% 

3.2 Acoustic Feature Extraction 

The feature extraction was designed to be a multi domain 

representation of the audio, not just a Mel Frequency 

Cepstral Coefficients (MFCC). The spectral envelope 

was measured in MFCC statistics, the RMS energy was 

used for vocal intensity and respiratory effort, the zero-

crossing rate (ZCR) was used for irregularity of the vocal 

excitation, and pitch-related descriptors for laryngeal 

tension and vocal stability. Other features, such as 

chroma, spectral contrast, spectral centroid, spectral 

bandwidth and Mel-spectrogram statistics, were related 

to harmonic structure and frequency-energy 

distribution [16]. This hybrid representation combines 

complementary spectral, temporal, energy-based and 

pitch related information to minimize the confusion of 

acoustically identical cry classes. The audio recordings 

were resampled to 22,050 Hz and cut to a maximum 

length of 5 s. For each recording, 13 MFCC coefficients 

were extracted, and the mean and standard deviation of 

each coefficient were calculated. Chroma and spectral 

contrast were computed with the Librosa default 

parameters and presented as average values. The 

temporal averages of the spectral centroid, spectral 

bandwidth, zero crossing rate and RMS energy were 

used. Global mean and standard deviation were 

calculated for mel-spectrograms obtained from 64 Mel 

frequency bands, and added as additional acoustic 

descriptors. The Librosa Python library was used for all 

the procedures for feature extraction. The extracted 

acoustic features and their interpretations are summarized 

in Table 2. Representative acoustic representations of an 

infant cry signal, including the waveform, Mel-

spectrogram, and MFCCs, are shown in Fig. 1.

Table 2 Extracted acoustic features and their physiological interpretation. 

Feature 

Category 
Feature Name Description Physiological Interpretation 

Spectral MFCC (Mean, Std) 
Compact representation of 

spectral envelope 

Captures vocal tract characteristics and 

overall acoustic structure of the cry 

Temporal 
Zero-Crossing Rate 

(ZCR) 

Rate of sign changes in the 

signal 

Reflects excitation irregularity and 

instability in vocal fold vibration 

Energy-based RMS Energy 
Root Mean Square of 

signal amplitude 

Indicates respiratory effort and vocal 

intensity during crying 

Pitch-related 

Fundamental 

Frequency (Pitch 

Mean) 

Average pitch over the 

segment 

Represents laryngeal tension and 

emotional intensity (e.g., pain vs. 

discomfort) 

Pitch-related Pitch Variability 
Variation of pitch across 

time 

Indicates instability or modulation in 

vocal production 

Spectral Spectral Centroid 
Center of mass of the 

spectrum 

Reflects perceived brightness or 

sharpness of the cry 

Spectral Spectral Bandwidth 
Spread of frequencies 

around the centroid 

Indicates distribution of acoustic energy 

across frequencies 

Spectral Spectral Contrast 
Difference between 

spectral peaks and valleys 

Captures harmonic structure and 

resonance differences 

Harmonic Chroma Features 
Distribution of energy 

across pitch classes 

Represents harmonic content and tonal 

structure of vocalization 

Spectral 
Mel-Spectrogram 

(Statistics) 

Time–frequency energy 

representation 

Encodes global acoustic patterns and 

temporal evolution of cry signals 

Dynamic 

(Temporal) 
ΔMFCC (Delta) 

First-order derivative of 

MFCC 

Captures temporal transitions in spectral 

structure 

Dynamic 

(Temporal) 
Δ2MFCC (Delta-Delta) 

Second-order derivative of 

MFCC 

Models acceleration and dynamic 

variation in cry patterns 
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Fig. 1 Acoustic representations of infant cry signals: 

(a) waveform, (b) Mel-spectrogram, (c) MFCC. 

3.3 Evaluation Protocol and Model 

Comparison 

The four lightweight classifiers were tested under the 

same preprocessing and feature environment:  

radial basis function (RBF)-SVM, Random Forest, 

Gradient Boosting and multilayer perceptron (MLP). For 

severe imbalance, three metrics were used to assess 

performance: accuracy, Macro-F1, and balanced 

accuracy. The same models were also tested using a leaky 

protocol to investigate methodological sensitivity. These 

results were only used as a comparative measure of 

performance inflation and were not considered to be valid 

deployment performance [17]. The leakage-free 

evaluation workflow is illustrated in Fig. 2. The classifier 

hyperparameters are summarized in Table 3. 

 

Fig. 2 Leakage-free evaluation pipeline. 

Table 3 Hyperparameter Settings of the Evaluated 

Classifiers. 

Model Hyperparameter Settings 

SVM 

(RBF) 
Kernel = RBF, C = 5, Gamma = scale 

Random 

Forest 

Number of trees = 250, 

Max depth = None (unrestricted), 

Random state = 42 

Gradient 

Boosting 

Number of estimators = 200, 

Learning rate = 0.1, Random state = 42 

MLP 

Hidden layers = (256, 128), 

Dropout = (0.35, 0.25), 

Optimizer = Adam, 

Loss = Categorical Cross-Entropy, 

Batch size = 16, Epochs = 100, 

Early Stopping (patience = 10, 

restore_best_weights = True) 

 

The hyperparameter settings listed in Table 3 were 

fixed throughout all experiments to ensure fair 

comparison among the evaluated classifiers. The 

experiments were done in Python with the following 

libraries: Scikit-learn, TensorFlow (Keras), Librosa, 

NumPy, Pandas, Matplotlib and Seaborn.  

4 Results and Discussion 

4.1 Data Characteristics and Evaluation 

Conditions 

The dataset also bears a high level of imbalance in the 

classes, as hungry takes an overbearing size in the sample 

space. Such an imbalance directly affects the behavior of 

the classifier since models do not need to be overly 

accurate in order to obtain relatively high overall 

accuracy by promoting majority categories. This is why 

the results that are being reported are mostly interpreted 

using Macro-F1 and Balanced Accuracy as opposed to 

accuracy [18]. In order to reduce the class imbalance, the 

data augmentation was performed only on the training 

subset following the file-level partitioning. One of the 

following augmentation methods was applied to each of 

the songs randomly: additive Gaussian noise, time 

stretching (0.75–0.95× or 1.05–1.25×), pitch shifting 

(−3 to −1 or +1 to +3 semitones), or no transformation. 

The number of training samples per class for minority 

classes was increased to 180 and the testing set was not 

augmented. The class-wise distribution of the training 

and testing sets is presented in Table 4. 

4.2 Leakage-Free Performance 

The leakage-free protocol yielded the most balanced 

performance for SVM with accuracy of 86.41%, 

Macro-F1 of 0.7376 and balanced accuracy of 68.43%. 
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Table 4 Dataset distribution under the leakage-free protocol. 

Cry 

Category 

Original 

Files 

Training Files 

(Before Augmentation) 

Training Samples 

(After Augmentation) 

Testing 

Files 

Belly Pain 16 13 180 3 

Burping 18 14 180 4 

Cold–Hot 7 6 180 1 

Discomfort 30 24 180 6 

Hungry 382 305 305 77 

Lonely 11 9 180 2 

Scared 20 16 180 4 

Tired 28 22 180 6 

Total 512 409 1565 103 

 

Table 5 Model performance under leakage-free 

evaluation. 

Model 
Accuracy 

(%) 

Macro-

F1 

Balanced 

Accuracy 

(%) 

SVM 

(RBF) 
86.41 0.7376 68.43 

Random 

Forest 
86.41 0.7068 65.46 

MLP 81.55 0.6289 65.69 

Gradient 

Boosting 
84.47 0.5649 53.68 

 

Random Forest had the same accuracy, but lower Macro-

F1 and balanced accuracy scores mean that it is less 

sensitive to the minority classes. The performance of the 

evaluated classifiers is summarized in Table 5. The 

results of MLP and Gradient Boosting indicated a lower 

class-balanced reliability, thus illustrating that overall 

accuracy can overestimate the model’s performance in 

the extreme case of class imbalance. Overall, SVM 

provided the best trade-off between accuracy and class-

wise robustness. 

4.3 Effect of Data Leakage 

All models exhibited significant overperformance when 

using the leaky protocol. The results showed that MLP 

obtained the highest accuracy of 94.83%, with the 

Macro-F1 and balanced accuracy of 0.9483 and 95.02%, 

respectively, while SVM gave the accuracy of 91.79% 

and the balanced accuracy of 92.10%. This improvement 

was observed across models, and was primarily due to 

the evaluation protocol, and not to the model architecture. 

The results show that data leakage can greatly 

overestimate the reliability of classification, 

and leakage-free evaluation is a prerequisite for 

meaningful biomedical acoustic evaluation. The model-

wise performance comparison is shown in Fig. 3. The 

effect of data leakage on classification performance is 

illustrated in Fig. 4. The detailed results under the leaky 

evaluation protocol are reported in Table 6. 

 

 

Fig. 3 Model performance comparison. 

 

 

Fig. 4 Effect of data leakage on performance. 

Table 6 Model performance under leaky evaluation. 

 

Model Accuracy (%) Macro-F1 

Balanced 

Accuracy 

(%) 

SVM 

(RBF) 
91.79 0.9184 92.10 

Random 

Forest 
90.27 0.9013 89.44 

MLP 94.83 0.9483 95.02 

Gradient 

Boosting 
89.67 0.8930 88.93 
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4.4 Structure and Confusion Patterns 

of Errors 

The analysis of confusion matrix also explains the 

behavior of models. The leakage-free SVM results depict 

high diagonal concentration of dominant classes, which 

are an indication that the model represents the major 

structure of the dataset. Nonetheless, there are still 

systematic cases of misclassification between 

acoustically similar classes, especially between classes 

which have overlapping energy and pitch properties. 

The misclassification errors are not arbitrary and 

mean something underlying in the feature space. As an 

illustration, the similarity between the forms of 

discomfort and tiredness can be explained by their 

comparable RMS distribution and limited differences in 

pitch variation, whereas the overlap between the scared 

and pain-related conditions can be the excessively high 

pitch in both cases. 

Unlike SVM, this model is not as separable with 

respect to classes, which are represented by the higher the 

off-diagonal values of the model. This demonstrates the 

significance of nonlinear separation processes in the 

determination of the finer acoustic variations. The 

confusion matrices of the SVM and Gradient Boosting 

models are presented in Figs. 5 and 6, respectively. 

4.5 Multidimensional Feature Space Analysis 

To facilitate qualitative interpretation of the 

multidimensional acoustic feature representation, 

selected combinations of representative acoustic 

descriptors (e.g., RMS energy, zero-crossing rate, and 

pitch-related features) were visualized. These 

visualizations provide an intuitive representation of the 

feature distribution rather than a formal dimensionality 

reduction technique such as such as principal component 

analysis (PCA), t-distributed stochastic neighbor 

embedding (t-SNE), or uniform manifold approximation 

and projection (UMAP). 

When individual features are viewed separately, it is 

demonstrated in the visualization that they do not offer 

clear separation. Rather, the class clusters are just found 

when features are studied together in a multidimensional 

space. Intersection between clusters is a positive 

indication that the classification problem is inherently 

nonlinear. This fact is the direct cause of the high 

performance of SVM with an RBF kernel which can 

capture smooth surfaces with the underlying geometry of 

the feature space. Conversely, simple partitioning 

strategies are not effective in models that use the 

simplistic strategies. The pairwise distributions of the 

selected acoustic features are illustrated in Fig. 7. 

 

 

Fig. 5 Confusion matrix of the SVM model. 

 

Fig. 6 Confusion matrix of the Gradient Boosting 

model. 

 

 

 

Fig. 7 Acoustic feature space visualization. (a) RMS vs ZCR, (b) RMS vs Pitch Mean, and (c) ZCR vs Pitch Mean. 
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4.6 Interpretation of Cry Classification 

As a Feature 

The classification behaviour observed indicates that the 

recognition of infant crying is more related to the 

interaction of a multitude of acoustic features than to the 

complexity of the model. The RMS energy represents the 

intensity of the voice and the effort used to produce it, the 

ZCR measures the irregularity of the voice’s excitation, 

and the pitch-related descriptors show the tension and 

stability of the voice. Variations in pitch, temporal 

irregularity and energy thus combine to produce 

differences between the cry categories, not just one of 

these. The results are consistent with the use of hybrid 

acoustic feature integration to be a more reliable 

representation of distinguishing overlapping infant cry 

patterns. Class-wise acoustic feature characteristics are 

summarized in Table 7. 

4.7 Integration into Smart Neonatal 

Monitoring Systems 

For easier implementation, the proposed classification 

system can be embedded in a smart neonatal monitoring 

system as illustrated in Fig. 8. The system integrates 

environmental sensors, physiological sensors and an 

acoustic sensing unit based on the microphone. The 

features extracted and processed on the edge device 

(Raspberry Pi) are then fed into the SVM model for real 

time inference. The summarized outputs can then be sent 

remotely via an IEEE 802.11ac wireless network for 

scalable multi-incubator monitoring [19]. This 

architecture is not designed to use cry classification as a 

diagnostic tool, but rather as a behavioral inference layer, 

working in conjunction with physiological and 

environmental monitoring, and to help raise the alert of 

the caregiver [20].

 

 

Fig. 8 IoT-based neonatal monitoring architecture. 

Table 7 Acoustic feature characteristics across cry categories. 

Cry 

Category 

RMS 

(After) 

ZCR 

(After) 

Pitch Mean 

(Hz) 

Pitch 

Variability 

(Hz) 

Dominant 

Acoustic Profile 

Physiological / 

Behavioral 

Interpretation 

Burping 0.201178 0.145341 562.609645 164.036446 

High energy, high 

irregularity, 

moderately high 

pitch, very high 

variability 

Explosive airflow bursts 

with unstable excitation; 

energy–excitation 

dominated vocalization 

Loneliness 0.178320 0.091464 402.334851 54.401323 

Relatively low 

irregularity, low-

to-moderate pitch, 

very low 

variability 

Sustained and stable 

phonation with limited 

emotional escalation; 

low-activation cry 
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Table 7 (Cont.) 

Scared 0.175196 0.128498 694.229246 125.675044 

High irregularity, 

very high pitch, 

high variability 

Emotionally aroused and 

unstable vocal excitation; 

fear-related high-arousal 

cry 

Discomfort 0.169246 0.097998 420.154448 116.828038 

Relatively high 

energy, moderate 

irregularity, 

moderate pitch, 

moderate 

variability 

Sustained physical 

irritation with controlled 

but effortful phonation; 

energy-dominant 

discomfort cry 

Hungry 0.166051 0.102475 499.155349 143.861676 

Moderate energy, 

moderate 

irregularity, 

moderately high 

pitch, high 

variability 

Rhythmic and repetitive 

distress signaling with 

balanced 

multidimensional 

activation 

Cold–Hot 0.156627 0.084085 395.957094 82.902765 

Low irregularity, 

low pitch, low 

variability 

Intermittent and 

relatively weak vocal 

effort with limited 

activation; low-energy 

cry 

Tired 0.151715 0.102363 413.109759 89.635140 

Low energy, 

low-to-moderate 

irregularity, low-

to-moderate pitch, 

low variability 

Reduced respiratory 

support and diminished 

arousal; fatigue-

dominated cry 

Belly Pain 0.144520 0.096835 475.233171 84.366574 

Low-to-moderate 

energy, moderate 

irregularity, 

moderate-to-high 

pitch,low 

variability 

 

Sustained laryngeal 

tension with limited 

modulation; pain-related 

cry dominated by 

controlled pitch tension 

 

5 Key Insight 

The findings indicate that infant cry classification 

depends on feature interaction, leakage-free evaluation, 

and model suitability rather than model selection alone 

for reliable biomedical monitoring. 

6 Conclusion 

This paper has looked at infant cry classification in 

terms of methodological reliability as opposed to raw 

benchmarks performance. The findings reveal that the 

effect of acoustic representation, imbalance among 

classes, and testing procedures are leading to highly 

influential classification results. In a leakage free 

environment, SVM performed best in terms of balanced 

performance relative to the tested models, whereas, 

Random Forest performed equally well in terms of 

accuracy but not in terms of reliability by class. Limited 

data were more sensitive to neural performance than to 

Gradient Boosting, and the balanced behavior of leaky 

evaluation was the poorest. Increased performance of 

over 90 percent, in leaky conditions, was not a measure 

of greater generalization but less experiment 

independence. This shows that the effectiveness of 

evaluation design can overshadow the seemingly 

successful models. As an applied contribution, the 

results endorse lightweight, interpretable acoustic 

model usage as a part of smart neonatal monitoring 

systems. Nevertheless, they too indicate that cry-only 

inference is constrained in extreme imbalance and 

acoustic overlap. It should then be a focus of future 

development to use a more diverse data, more subject-

independent evaluation, and multimodal integration 

with physiological sensing in order to implement it in 

intelligent neonatal care settings. 

7 Limitations and Future Work 

7.1 Limitations 

The interpretation of the current findings has a number 

of limitations. To begin with, the dataset is extremely 

skewed, and augmentation is not able to replace 

authentic acoustic diversity in minority classes. Second, 

the feature representation can be considered statistical 
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and potentially underrepresents longer temporal 

dependencies in the sequence of cry. Third, the 

experiments were done on rather controlled recordings 

but in the actual incubator settings there is a lot of 

acoustic interference. Fourth, it could not ensure strict 

subject-level independence in spite of leakage being 

managed at the file level. Lastly, the research was 

narrowed down to the classification of cry only, and is 

not yet multimodal in terms of physiological context. 

No formal statistical significance testing (such as 

McNemar’s test or bootstrap confidence intervals) was 

conducted to compare the classifiers evaluated under 

the leakage-free evaluation protocol, although the SVM 

classifier yielded the highest Macro-F1 score and 

balanced accuracy. So, the results of the observed 

performance differences should be taken as an empirical 

difference and not statistically significant. Future work 

will consider the use of formal statistical hypothesis 

testing for providing more evidence in favor of model 

comparison. 

 

 

7.2 Future Work 

In the future all the research must emphasize data-centric 

enhancement of a system rather than architectural 

magnification. Balanced and more diverse data sets 

should be sought especially on underrepresented 

distresses. Where possible, subject-independent 

partitioning must be imposed. Statistical frameworks 

with time-frequency representations can be more 

effective at capturing global and dynamic structure in a 

hybrid way. Fusion with physiological measurements, 

including temperature, SpO2 and heart rate, is of 

particular interest to Multimodal fusion as it allows to 

reduce the similarity of acoustically similar conditions 

when deploying the smart incubator. Moreover, lighter 

edge-conscious executions are also to be considered in 

order to enable real-time inference of embedded neonatal 

applications. 
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Abstract. This paper presents a method for intelligent analysis of Raman 
spectra of blood serum for chronic heart failure (CHF) diagnosis using machine 
learning approaches. Raman spectra obtained from blood serum samples of 
229 subjects (189 patients with CHF and 40 healthy volunteers) were 
analyzed using the multivariate curve resolution-alternating least squares 
(MCR-ALS) method. Eight spectral components were extracted and used as 
features for classification. Logistic regression, support vector machine, 
random forest, gradient boosting, and ensemble stacking methods were 
evaluated. Using only spectral features, the stacking model achieved an area 
under the receiver operating characteristic curve (ROC AUC) of 0.72 ± 0.04 
with a validation accuracy of 0.83 ± 0.03. The inclusion of clinical parameters 
(systolic and diastolic blood pressure, final systolic size, total bilirubin, and 
hematocrit) significantly improved classification performance, increasing the 
ROC AUC to 1.00 ± 0.00 with a validation accuracy of 0.95 ± 0.01. Statistical 
analysis showed no significant differences between the stacking ensemble and 
individual classifiers (p > 0.05), indicating that classification performance was 
primarily determined by the informativeness of the extracted spectral and 
clinical features. The obtained results demonstrate the potential of combining 
Raman spectroscopy with machine learning methods for CHF screening and 
early diagnosis, particularly in settings where access to advanced imaging 
techniques is limited. 
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1 Introduction 

Cardiovascular diseases occupy a leading place among 

the causes of death and disability worldwide, which 

underlines the importance of their diagnosis for 

healthcare systems [1]. Chronic heart failure (CHF) is 

one of the most widespread cardiovascular syndromes 

associated with progressive impairment of cardiac 

function, reduced quality of life, and increased mortality 

risk [2]. Early diagnosis of CHF remains a challenging 

task, especially at the initial stages of disease 

development, when structural and functional changes 

may not yet be sufficiently pronounced. Conventional 

diagnostic approaches, including echocardiography and 

biochemical blood analysis, often require expensive 

equipment, specialized personnel, and considerable 

examination time, which limits their widespread use in 

screening programs and preventive medical 

examinations [3]. 

Biochemical blood analysis methods are used to 

quantify the concentration of blood components, 

enzymes, and hormones, as well as to identify deviations 

from normal values [4]. However, the prognostic 

significance of blood analysis can be increased when 

considering a complex of changes in the biochemical 

composition of blood rather than isolated biomarkers [5]. 
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In this regard, optical spectroscopic methods capable of 

providing information about the molecular composition 

of biological samples attract significant interest [6]. 

Raman spectroscopy makes it possible to analyze the 

features of biological objects at the molecular level [7]. 

In recent years, Raman spectroscopy has opened new 

perspectives for blood analysis [8]. This method allows 

obtaining spectral information about the molecular 

composition of complex biological samples, including 

blood serum, making it a powerful tool for detecting 

biochemical changes associated with cardiovascular 

diseases [9]. Due to its high sensitivity, noninvasiveness, 

and minimal sample preparation requirements, Raman 

spectroscopy is becoming an attractive method for 

clinical diagnostics and biomedical screening 

applications. 

However, Raman spectra of biological samples are 

characterized by high dimensionality, overlapping 

spectral bands, noise sensitivity, and substantial inter-

patient variability [10]. These factors complicate the 

interpretation of spectral data and require the use of 

advanced computational approaches for efficient 

analysis. In this context, machine learning and intelligent 

decision-support systems have become increasingly 

important tools for Raman spectra processing [11].  

Various machine learning algorithms have been 

applied to the analysis of Raman spectra in biomedical 

research. Classical statistical and machine learning 

methods, including Principal Component Analysis 

(PCA), Linear Discriminant Analysis (LDA), Logistic 

Regression, Support Vector Machines (SVM) have 

demonstrated effectiveness in classification tasks 

involving biological samples [12–14]. The development 

of information technology has also led to attempts to use 

artificial neural networks and deep learning methods for 

spectral data analysis [15]. In particular, convolutional 

neural networks have shown promising results in 

automated Raman spectrum recognition and feature 

extraction [16]. These approaches enable identification 

of complex nonlinear relationships within spectral data 

and improve diagnostic accuracy for various pathological 

conditions [17]. 

Despite significant progress, the problem of 

extracting informative and interpretable features from 

Raman spectra remains unresolved. In many studies, 

dimensionality reduction is performed using PCA or 

related statistical methods [18–19]. Although such 

approaches effectively reduce computational complexity, 

the resulting components are often difficult to interpret 

from a biochemical perspective [20]. Therefore, methods 

capable of extracting physically interpretable spectral 

components are of particular interest for biomedical 

applications [21]. 

One promising approach is multivariate curve 

resolution using alternating least squares (MCR-ALS), 

which allows decomposition of spectral data into 

concentration profiles and spectra of underlying 

biochemical components [22]. Unlike conventional 

statistical decomposition techniques, MCR-ALS 

provides improved interpretability of extracted features 

and may facilitate identification of molecular changes 

associated with disease development [23]. 

Another important trend is the development of 

ensemble machine learning methods that combine 

predictions of several individual classifiers [24]. 

Ensemble approaches can improve the robustness and 

generalization ability of classification models, especially 

when analyzing complex biomedical datasets. In 

particular, stacking methods combine the advantages of 

multiple algorithms by constructing a meta-model based 

on predictions of basic classifiers [25]. 

The novelty of the proposed approach lies in the 

combined use of MCR-ALS decomposition, ensemble 

machine learning methods, and integration of Raman 

spectral data with clinical patient parameters for chronic 

heart failure diagnosis. Unlike conventional approaches 

based solely on spectral preprocessing and standard 

dimensionality reduction techniques, the proposed 

framework extracts interpretable biochemical 

components from Raman spectra and combines them 

with clinically significant features. In addition, several 

machine learning algorithms, including logistic 

regression, support vector machines, random forest, 

gradient boosting, and stacking ensembles, are 

comparatively evaluated for CHF classification. 

The use of Raman spectroscopy in combination with 

intelligent data analysis systems is a promising area of 

research and can increase the effectiveness of population 

screening and preventive medical examinations. Such 

approaches can improve the accessibility of diagnostics, 

contribute to the early detection of cardiovascular 

diseases, and potentially prevent disease progression [26]. 

The aim of this study was to develop an intelligent 

method for the analysis of blood serum Raman spectra 

using the MCR-ALS method and machine learning 

algorithms, taking into account additional clinical data of 

patients with chronic heart failure. 

2 Methods and Materials 

In this work, the in vitro Raman spectra of the blood 

serum of 229 patients are analyzed, among which 189 are 

patients with chronic heart failure, 40 are control group 

(volunteers without heart failure). Blood serum samples 

were taken from the patient in the morning on an empty 

stomach and placed in sterile tubes, followed by freezing 

at a temperature of –16 °C. Immediately before spectral 

analysis, the samples were thawed at room temperature.  

The recording of Raman spectra was carried out 

using surface-enhanced Raman spectroscopy (SERS) 

technology, described in detail in Ref. [27]. Each 1.5 ml 

serum sample was applied to an aluminum foil with a 

layer of silver structures and dried for 30 min. The 

spectral characteristics of blood serum were analyzed 

using an experimental stand consisting of a 

spectrometric system (EnSpectr R785, Spektr-M, 

Chernogolovka, Russia) and a microscope (ADF U300, 

ADF, China). The spectra were excited in the near-

infrared range using a laser module with a central 

wavelength of 785 nm. An LMPlan lens with a 50× 

magnification was used to focus the radiation on the 
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sample and collect the scattered radiation. The diameter 

of the laser spot in focus was 5 μm. Human serum was 

analyzed at a laser power of 10 mW. The spectra were 

recorded four times for each sample with an exposure 

time of 4 s. Further, the spectra were subjected to the 

preprocessing described in Ref. [28]. 

In this work, the method of resolving 

multidimensional curves using the alternating least 

squares (MCR-ALS) method is used to analyze the 

spectra, which has already shown its effectiveness in 

isolating the biochemical components of the skin [29]. 

The main idea of MCR is to decompose the matrix of 

Raman spectra into two matrices, one of which represents 

the concentration profiles for each component, and the 

second represents the matrix of the spectra of these 

components [30].  

In the framework of the MCR-ALS analysis, the term 

“components” refers to latent spectral profiles extracted 

from the original Raman spectra during matrix 

decomposition [31]. 

In this approach, the concentrations of each 

individual component isolated in the studied samples 

serve as features for subsequent classification. The 

following machine learning algorithms were applied to 

the profiles of the obtained component concentrations: 

Logistic Regression, SVM, Random Forest, and Gradient 

Boosting.  

Logistic Regression is a form of multiple regression 

that aims to analyze the relationship between several 

independent variables and a single binary dependent 

variable [32–34]. Random forest is based on the 

construction of an ensemble of decision trees and is one 

of the most robust machine learning algorithms [35–37]. 

The principle of the support vector machine method is 

to find the optimal hyperplane that maximally separates 

classes in a multidimensional feature space [38–40]. 

Gradient boosting is a powerful ensemble learning 

method in which the sequential construction of decision 

trees aims to minimize the errors of previous models 

[41–43]. 

To improve the quality of the final model and 

combine the advantages of various methods, the stacking 

method was applied, in which the basic models formed 

meta-features, which were then fed to the input of the 

final model, the logistic regression model. This approach 

makes it possible to exploit the strengths of individual 

algorithms, improving classification generalization 

performance. 

In addition to concentration profiles, the clinical data 

of patients were used as additional features for 

classification: systolic blood pressure, diastolic blood 

pressure, final systolic size, total bilirubin, hematocrit.  

A 5-fold cross-validation was performed to verify the 

stability of the classification models. All machine 

learning algorithms and ROC curve analyses were 

implemented in Python.  

3 Results and Discussions 

Using MCR-ALS, eight components have been 

identified. This amount was determined during 

preliminary studies, which examined the range from 3 to 

12 components in order to optimally identify substances. 

Several datasets with different numbers of components 

were analyzed using various machine learning methods. 

The ROC curves obtained for logistic regression based 

on five data sets are shown in Fig. 1. Based on the 

analysis, it is concluded that the choice of eight 

components is optimal for achieving the objectives of the 

study. The primary objective was to retain as much 

information as possible, which would improve the 

accuracy of the analysis of the Raman spectra of blood 

serum without losing key data. 

 

Fig. 1 ROC-curves for logistic regression for different 

numbers of components. 

The main peaks for each component are shown in 

Table 1. The spectra of the components are shown in 

Fig. 2. For example, Component 1 was mainly associated 

with proteins and lipids due to the presence of peaks near 

723 cm⁻1, 1097 cm⁻1, and 1329 cm⁻1, corresponding to 

amide groups, C–O vibrations, and hydrocarbon chain 

deformations. Component 2 was related predominantly 

to protein structures and aromatic amino acids because of 

the characteristic Amide I band near 1652 cm⁻1 and 

aromatic ring vibrations at 1576 cm⁻1. Component 3 was 

associated with metabolites and carbohydrate-related 

vibrations, while Components 4 and 5 reflected 

contributions from aromatic compounds, proteins, and 

lipid-associated molecular structures. Components 6–8 

mainly corresponded to carbohydrates, amino acid 

residues, and low-frequency molecular vibrations 

observed in biological serum samples [44–45]. 

Therefore, the obtained concentration profiles reflect 

variations in the biochemical composition of blood serum 

associated with chronic heart failure. 

As a result, the area under the ROC curve for the case 

of taking into account only spectral features (component 

concentrations) and using the basic logistic regression 

model was 0.72 ± 0.04 (validation accuracy: 

0.83 ± 0.03), the support vector machine achieved an 
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ROC AUC of 0.66 ± 0.08 (validation accuracy: 

0.83 ± 0.03), random forest 0.70 ± 0.07 (validation 

accuracy: 0.85 ± 0.01), gradient boosting 0.62 ± 0.05 

(validation accuracy: 0.81 ± 0.02). For the stacking 

model, the area under the ROC curve was 0.72 ± 0.04 

(validation accuracy: 0.83 ± 0.03). The addition of 

clinical patient data to the feature space has significantly 

improved the learning performance of the model. The 

ROC AUC increased to 1.00 ± 0.00, while the validation 

accuracy was 0.95 ± 0.01. 

 

Table 1 Characteristic peaks and assumed molecular bonds of the components. 

Component Peak (cm⁻1) Possible Assignment 

Component 1 723.12 Amide group or methylene groups in lipids 

 1329.03 C–H deformation in hydrocarbon chains (possibly Amide III) 

 1096.99 C–O or S–O stretching in carbohydrates or carboxylic acids 

Component 2 1652.38 C=O stretching in amide groups or carbohydrates (Amide I) 

 1576.09 Aromatic ring stretching (e.g., phenyl groups) 

 639.33 Amino acids associated with aromatic ring vibrations 

Component 3 1393.58 Vibrations typical for creatinine or other metabolites 

 1021.23 Carbohydrate or amino acid vibrations 

 631.35 Amino acid residues (e.g., phenylalanine) 

Component 4 1577.62 Aromatic vibrations related to phenyl groups 

 1212.39 Vibrations in carbohydrates or amide groups 

 1313.32 C–H deformation or aromatic ring vibrations 

Component 5 624.35 Amino acids or carbohydrates 

 1364.32 C–H or C–C deformations in hydrocarbon chains 

 1604.25 Aromatic ring vibrations 

Component 6 1053.51 C–O stretching in carbohydrates or metabolites 

 677.01 Aromatic ring vibrations or possible methylene groups 

 492.15 Low-frequency vibrations in organic molecules 

Component 7 645.30 Aromatic rings or carbohydrates 

 500.41 Methylene groups or low-frequency vibrations 

 1142.56 C–O or methyl group stretching 

Component 8 634.34 Amino acids or carbohydrates 

 491.12 Vibrations in carbohydrates or amino acids 

 1132.10 Presence of amide groups (Amide III region) 
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Fig. 2 Raman spectra obtained by in vitro MCR analysis of Raman scattering spectra of blood serum. 

In the framework of this work, an ensemble 

classification model was implemented using the stacking 

method. The aim was to combine several basic models to 

improve the accuracy of the prediction of CHF based on 

spectral and clinical features. The ROC curves obtained as 

a result of the analysis are shown in Fig. 3. 

To further validate the obtained results, a statistical 

significance analysis was conducted comparing the 

baseline models with the stacked ensemble. The 

comparison was performed using the area under the ROC 

curve (AUC) obtained from 5-fold cross-validation. Since 

the performance values were calculated on the same data 

splits, paired statistical tests were applied, including the 

paired Student’s t-test [46] and the nonparametric 

Wilcoxon signed-rank test [47]. 
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(a) 

 

(b) 

Fig. 3 ROC-curves for classification of healthy people 

and patients with chronic heart failure: (a) only 

component concentrations are taken as features; 

(b) component concentrations and clinical data are taken 

as features. 

The results show that the differences between the 

stacked model and individual baseline classifiers are 

statistically insignificant (p > 0.05 in all cases). 

Specifically, the p-values for logistic regression were 

0.3408 (t-test) and 0.3125 (Wilcoxon test), 0.2463 and 

0.3125 for support vector machines, 0.8445 and 0.8125 

for random forest, and 0.0722 and 0.1250 for gradient 

boosting, respectively. Although gradient boosting 

approached statistical significance (p ≈ 0.07), it does not 

reach the generally accepted significance level of 0.05. 

These results are consistent with the similar 

performance metrics reported above. The lack of 

statistically significant differences can be explained by 

several factors. First, the relatively small sample size 

(229 samples, of which only 40 were healthy controls) 

leads to increased variability in AUC estimates across 

different cross-validation folds, reducing the statistical 

power of the tests. Second, the baseline models 

demonstrate comparable performance levels and likely 

capture similar patterns in the feature space formed by 

the eight MCR-ALS components. Under these 

conditions, the advantage of stacking is diminished 

because the metamodel does not receive sufficiently 

diverse or additional information. 

Thus, the statistical analysis confirms that the 

stacking approach does not provide a statistically 

significant improvement over the individual classifiers in 

this study. This suggests that, within the considered 

framework, the overall classification performance is 

primarily determined by the informativeness of the 

extracted features rather than by the choice of a specific 

classification algorithm. 

We conducted an additional experiment using only 

five clinical parameters (systolic and diastolic blood 

pressure, final systolic size, total bilirubin, and 

hematocrit). The obtained results demonstrated near-

perfect classification performance (Fig. 4; Mean 

Accuracy: 0.96 ± 0.03; Mean AUC: 0.98 ± 0.03). 

Such high performance can be explained by the 

strong association between these clinical variables and 

the diagnosis of chronic heart failure.  

Among the clinical parameters used in this study, 

final systolic size represents a key echocardiographic 

indicator associated with structural cardiac remodeling 

and is directly related to the diagnosis of chronic heart 

failure. Other variables, such as blood pressure, bilirubin, 

and hematocrit, are not diagnostic criteria per se but 

reflect systemic and metabolic alterations accompanying 

the disease. 

The combination of these features provides a strong 

discriminative signal, which may explain the high 

classification performance observed in this dataset. 

 

Fig. 4 ROC-curves for classification of healthy people 

and patients with chronic heart failure; clinical data are 

taken as features. 

However, this result is likely to reflect dataset-specific 

characteristics and may lead to an overestimation of model 

performance, especially in the absence of external 

validation. In real-world clinical settings, variability of 

patient populations and overlapping clinical features 

typically result in lower separability. Despite the high 
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discriminative power of clinical parameters, it should be 

emphasized that these features are typically obtained using 

established diagnostic procedures, such as 

echocardiography, which may not always be available in 

all clinical settings. 

In this context, Raman spectroscopy may provide 

important practical advantages. In particular, it can be 

considered as a potential tool for screening in settings 

where access to advanced imaging techniques is limited, 

or as a preliminary diagnostic approach prior to 

comprehensive clinical evaluation. 

Furthermore, Raman spectroscopy reflects 

molecular-level changes in blood serum and therefore 

may be sensitive to early metabolic alterations that 

precede pronounced structural cardiac remodeling. This 

suggests its potential application for early-stage 

detection, where conventional clinical parameters may 

not yet exhibit strong diagnostic signals. 

Thus, the value of Raman spectroscopy lies not in 

replacing established clinical diagnostics, but in 

complementing them, particularly in screening scenarios 

and early disease detection. 

Machine learning methods have been applied to the 

analysis of biological fluids for the diagnosis and 

stratification of CHF in a number of recent studies. Thus, 

Sorokina et al. [48] conducted a systematic comparison 

of methods for intelligent analysis of Raman spectra of 

blood serum from patients with CHF and healthy 

volunteers using combinations of MCR and PLS with 

different classifiers (Logistic Regression, SVM). They 

showed that PLS-based approaches provide higher AUC 

values (up to 0.99), while MCR in combination with 

single classifiers demonstrated moderate performance 

(AUC 0.59–0.70), while leaving the possibility of 

biochemical interpretation of serum components. Other 

studies, such as De Bakker et al. [49] and Gao et al. [50] 

used proteomic and biomarker panels, applying ML 

algorithms to predict outcomes and classify patients with 

CHF, achieving a c index of 0.80–0.85 or an accuracy of 

approximately 85%. The approach by Woolley et al. [51] 

demonstrated the potential of clustering biomarker profiles 

to distinguish pathophysiological subtypes of HFpEF, but 

without direct application to automated diagnostics. 

In contrast to these studies, this work uses SERS to 

directly assess the molecular composition of blood 

serum. The use of the MCR-ALS method allowed us to 

identify eight informative components with biochemical 

interpretation (amino acids, carbohydrates, lipids, amide 

groups). The resulting concentration profiles, combined 

with patient clinical data, were used to build ensemble 

machine learning models, including stacking base 

classifiers (Logistic Regression, SVM, Random Forest, 

and Gradient Boosting). This approach achieved an AUC 

of 1.0 ± 0.0, which exceeds the MCR results reported by 

Sorokina et al. [48] and is comparable to the best results 

from PLS methods, while maintaining the interpretability 

of features. 

4 Conclusion 

In this study, a method for intelligent analysis of Raman 

spectra of blood serum for chronic heart failure diagnosis 

was developed using MCR-ALS decomposition and 

machine learning approaches. Raman spectra obtained 

from 229 serum samples were decomposed into eight 

latent spectral components corresponding to major 

biochemical groups, including proteins, lipids, 

carbohydrates, amino acids, and metabolites. The 

concentration profiles of these components were used as 

features for classification. 

Several machine learning algorithms, including 

logistic regression, support vector machine, random 

forest, gradient boosting, and stacking ensemble 

methods, were evaluated. Using only spectral features, 

the best classification performance corresponded to the 

stacking model and logistic regression model with an 

ROC AUC of 0.72 ± 0.04 and validation accuracy of 

0.83 ± 0.03. The integration of clinical parameters 

significantly improved classification results, increasing 

the ROC AUC to 1.00 ± 0.00. 

Statistical analysis demonstrated that differences 

between the stacking ensemble and individual classifiers 

were not statistically significant (p > 0.05), indicating 

that classification performance was primarily determined 

by the informativeness of the extracted spectral and 

clinical features rather than by the choice of a particular 

classification algorithm. 

The obtained results demonstrate that Raman 

spectroscopy combined with machine learning methods 

can be considered a promising tool for blood serum 

analysis and chronic heart failure screening. In particular, 

the proposed approach may be useful in situations where 

rapid, minimally invasive, and cost-effective preliminary 

diagnostics are required. Furthermore, Raman 

spectroscopy may provide additional information about 

molecular-level biochemical changes associated with 

disease development. 

Future work will focus on expanding the dataset, 

performing external validation on independent patient 

cohorts, and investigating additional biochemical and 

clinical markers to improve the robustness and clinical 

applicability of the proposed diagnostic approach. 
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