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A B S T R A C T

Background and aims: Serum protein electrophoresis interpretation requires a substantial amount of manual work. 
In 2020, Chabrun et al. created a machine learning method called SPECTR for the task. We aimed to validate and 
test the SPECTR method against our results of more precise immunofixation electrophoresis.
Materials and methods: We gathered 34 625 patients and their first serum protein electrophoresis sample in 
Helsinki University Hospital. We trained three neural network models: (1) a fractionation model to fractionate 
electropherograms; (2) a classification model to classify samples to normal, ambiguous, and abnormal (i.e. 
containing paraprotein); (3) an integration model to predict concentration and location of paraproteins.
Results: The fractionation model demonstrated an error rate of ≤0.33 g/L in 95 % samples. The classification 
model achieved an area under the curve of 97 % in receiver operating characteristic analysis. The integration 
model demonstrated a coefficient of determination (R2) of 0.991 and a root-mean-square error of 1.37 g/L in 
linear regression.
Conclusion: The neural network models proved to be suitable for partial automation in serum protein electro
phoresis reporting, i.e. classification of normal electropherograms. Furthermore, the models can accurately 
suggest the location and concentration of paraproteins.

1. Introduction

Multiple myeloma is a relatively common malignancy of the bone 
marrow. It has a global age-standard rate of incidence 1.8 per 100 000 
people [1]. Serum protein electrophoresis (SPE) is a cornerstone labo
ratory test for screening, diagnosis, and follow-up of myeloma, 
Waldenström’s macroglobulinaemia, monoclonal gammopathy of un
determined significance, and other monoclonal gammopathies [2]. SPE 
involves many manual steps, which is a major drawback due to the time 
consumed by laboratory professionals and the potential for human error.

In SPE, serum proteins are separated into albumin, alpha1, alpha2, 
beta1, beta2, and gamma fractions in an electrophoresis matrix. The 
main factors affecting separation depend on the proteins’ characteris
tics, e.g. the charge and size, or the electrophoretic conditions like the 

strength of electric field, ion concentration and pH. For detection, the 
protein fractions are either stained in gel matrix or detected photo
metrically in capillary electrophoresis (CE) [3]. Traditionally, the 
resulting gels or electropherograms are manually interpreted by clinical 
laboratory specialists.

Machine learning methods have been developed to automate tasks in 
clinical laboratories [4]. Studies of neural network interpreting of SPEs 
date back to at least 1992 [5]. They were first used only for classifying 
samples to normal and abnormal [5–8]. In 2020, Chabrun et al. [9] re
ported of a machine learning method called SPECTR to interpret capil
lary electropherograms. Based on two datasets from French laboratories 
SPECTR was able to predict fractions, paraproteins, beta-gamma 
bridging, and restriction of heterogeneity with an accuracy compara
ble to an expert interpretation. In all SPECTR models an expert’s 

Abbreviations: CE, Capillary electrophoresis; CM, Classification Model; FM, Fractionation Model; HUS, Helsinki University Hospital; IFE, Immunofixation elec
trophoresis; PIM, Paraprotein Integration Model; SPE, Serum protein electrophoresis; TG, Training group; VG, Validation group.

* Corresponding author.
E-mail addresses: tapio.lahtiharju@hus.fi (T. Lahtiharju), lassi.paavolainen@helsinki.fi (L. Paavolainen), janne.suvisaari@hus.fi (J. Suvisaari), pasi.nokelainen@ 

hus.fi (P. Nokelainen), emmi.rotgers@fimlab.fi (E. Rotgers), mikko.anttonen@hus.fi (M. Anttonen), outi.itkonen@hus.fi (O. Itkonen). 

Contents lists available at ScienceDirect

Clinica Chimica Acta

journal homepage: www.elsevier.com/locate/cca

https://doi.org/10.1016/j.cca.2024.120086
Received 10 October 2024; Received in revised form 5 December 2024; Accepted 8 December 2024  

Clinica Chimica Acta 567 (2025) 120086 

Available online 9 December 2024 
0009-8981/© 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:tapio.lahtiharju@hus.fi
mailto:lassi.paavolainen@helsinki.fi
mailto:janne.suvisaari@hus.fi
mailto:pasi.nokelainen@hus.fi
mailto:pasi.nokelainen@hus.fi
mailto:emmi.rotgers@fimlab.fi
mailto:mikko.anttonen@hus.fi
mailto:outi.itkonen@hus.fi
www.sciencedirect.com/science/journal/00098981
https://www.elsevier.com/locate/cca
https://doi.org/10.1016/j.cca.2024.120086
https://doi.org/10.1016/j.cca.2024.120086
http://creativecommons.org/licenses/by/4.0/


interpretation of SPE was used as the ground truth. Sensitivity and 
specificity of SPECTR outperformed earlier neural network models 
trained on capillary electropherograms [5–9].

In addition, two previous studies described neural network models 
trained with densitograms of gel images. While one detects only the 
presence of paraproteins [10], the other model also detects presence of 
acute phase reaction, hypoproteinaemia, nephrotic syndrome, and 
polyclonal gammopathy [11]. In addition to neural networks, mathe
matical formulae and decision trees have been employed to classify 
samples [12].

We aimed to validate and test SPECTR method with patient samples 
from Helsinki University Hospital (HUS) and to further develop the 
method by using only the first samples to emulate screening. Addition
ally, for paraprotein detection, the gold standard method, immunofix
ation electrophoresis (IFE), was used as a ground truth.

2. Materials and methods

2.1. Patient samples

In this retrospective study, we employed 34 625 patients and sam
ples collected from February 2014 to January 2021 (Fig. 1). For each 
patient, only the first sample in HUS was included. The samples had 
been drawn into serum gel-barrier tubes from major manufacturers (e.g. 
5/3.5 ml tube from Becton Dickinson, Franklin Lakes, New Jersey, USA; 
Ref 368498).

The samples were divided into a validation group (VG) and a training 
group (TG). First, we randomly separated 8 656 (25 %) of the samples to 
the VG. These results were not used to train any model. TG-PI and VG-PI 
includes only the samples having paraprotein concentrations estimated 

by integration (PI) (Fig. 1).

2.2. Biochemical Assays

In our laboratory we report the concentrations of protein fractions 
and possible paraproteins. The electropherograms are interpreted using 
Phoresis software (Sebia, Lisses, France). The sample is forwarded to 
IFE, if there is a suspicion of new paraprotein, a paraprotein detected 
prior has disappeared, or the test is directly ordered by the clinician. If a 
paraprotein is detected in the sample, it is quantified using the 
perpendicular drop method [13]. However, the whole peak is not inte
grated; instead, the polyclonal background is estimated, and the width 
of the integration is reduced to equal the estimated concentration of the 
paraprotein alone. In training the models, we used the smoothed curves 
of electropherograms. The smoothing was conducted by the Phoresis 
software with a factor of 2, which is the default factory setting.

The samples were analysed with Capillarys 3 Tera or Capillarys 2 
capillary electrophoresis instruments using Capi 3 Proteine 6 assay 
(Sebia). In addition to the electropherogram data, the results included 
details of fractionation, paraprotein integration, protein concentration, 
and the report of the IFE.

All samples were analysed for serum total protein by biuret reaction 
with the following analysers: Roche Hitachi Modular PE (F. Hoffmann- 
La Roche, Basel, Switzerland) by Total Protein method during 
2014–2016, with Abbott Architect c16000 (Abbott Laboratories, Abbott 
Park, Illinois, United States) by Total Protein method during 
2016–2019, and with Siemens Atellica Solutions (Siemens Healthineers, 
Erlangen, Germany), Atellica CH930 Total Protein II during 2019–2021. 
The serum total protein concentration was used to calculate the con
centrations of the protein fractions and paraproteins.

Fig. 1. The flowchart of the selection of the samples and group selections.
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CE findings of 7 614 (22 %) samples had been confirmed by IFE using 
Hydragel 4 or 9 IF reagents (Sebia) on Hydrasys 2 Scan instruments 
(Sebia) (Fig. 1). We searched from the IFE reports computationally with 
RegEx rules if the patient had paraprotein in the sample. Confirmation 
remained uncertain in 117 (1.5 %) reports, and these were considered 
normal i.e. not containing a paraprotein. The reliability of the compu
tational classification was assured by selecting 100 random reports and 
manually checking that the reports were correctly classified. All the 
classifications were correct, thus, with the binomial exact confidence 
intervals we can assume that 96.4–100 % (95 % confidence interval (CI)) 
were correctly classified.

All samples were analysed in HUS Diagnostic Centre, the accredited 
(SFS-EN ISO 15189:2007 during 2014–2016 and SFS-EN ISO 
15189:2013 during 2016–2021) clinical chemistry laboratory of HUS.

2.3. The neural network models

The three neural network models are all based on SPECTR, a machine 
learning method developed by Chabrun et al. The Supplement chapter 1. 
presents exact details of the models’ architecture, while this section 
outlines the significant changes when compared to SPECTR.

2.3.1. Fractionation model
Fractionation Model (FM) classifies each point in the CE input curve 

as one of six fractions: albumin, alpha-1, alpha-2, beta-1, beta-2, and 
gamma. It is a derivative of the fractioning model of SPECTR except that 
FM assigns each point in the curve to one of the aforementioned frac
tions. The ground truth data for training FM was based on the frac
tionation marks set in Sebia’s Phoresis program, and for training we 
used TG. Each mark in the curve indicates a start of a new zone. In total, 
five fractionation marks separated the six different zones fractioned in 
the ground truth data. These marks were initially generated automati
cally by the Phoresis program and then reviewed by a laboratory 
specialist for any necessary manual adjustments. A chi-squared test was 
used to determine whether there were significant differences in the 
number of errors between samples with and without paraprotein in the 
ground truth.

2.3.2. Classification model
Classification Model (CM) predicts whether a CE curve is normal or 

abnormal. It is based on the classification model of SPECTR except that 
CM was trained only to detect paraproteins. CM was trained with TG, 
where we used as the ground truth the result of IFE. If a sample did not 
have an IFE result, it was considered normal.

The outcome of CM is two values within the range of 0.0–1.0: one for 
the prediction of normality and one for the prediction of abnormality. 
The outcome is directly proportional to the confidence of the model, 
with higher values indicating higher confidence. The prediction of 
normality is equal to one minus the prediction of abnormality. There
fore, a sum of CM outcomes is always 1.0. The result is considered 
normal or abnormal if the confidence of the prediction is over the 
selected threshold. Otherwise, the result is considered as ambiguous, 
meaning that the model is not confident in either normal or abnormal 
prediction. When analysing receiver operating characteristic (ROC) area 
under curve (AUC) and calculating sensitivity and specificity with 
different thresholds, ambiguous results were considered as abnormal.

In addition to the analyses described above, we created two other 
models for the classification. The architecture was the same for these 
models, but they were trained by the following subset of samples: 1) 
samples not including IFE ordered by clinician, and 2) samples for which 
IFE was done. In 1) the ground truth was considered abnormal if IFE was 
done.

To ensure the absence of bias in the division of samples, cross- 
validation was conducted. The random division of samples into 
training and validation groups was repeated ten times, with a separate 
training and validation performed for each iteration. The mean and 

confidence interval were calculated for the results assuming normal 
distribution, and these values were then compared to those obtained 
with CM.

2.3.3. Paraprotein integration model
Paraprotein Integration Model (PIM) predicts for each point in the 

electropherogram whether it belongs to a paraprotein or not. It is based 
on the peak detection model of SPECTR with no major differences. We 
trained PIM using curves of TG-PI, where paraprotein(s) had been in
tegrated by laboratory specialists. The model was not trained with 
normal samples as the paraprotein integration model is only used to 
locate paraproteins in samples classified as abnormal. A chi-squared test 
was used to compare integration errors of paraproteins in the gamma 
fraction with those in the other fractions, based on the number of 
samples divided according to the error points.

2.4. Software

Patient sample data was processed in HUS Acamedic, which is a 
secure, scalable, virtual, and audited operating environment for safe 
processing of sensitive data [14]. All model training and evaluation were 
implemented in Jupyter Notebook environment using Python 3.8.10. 
Main Python packages used in the project were TensorFlow 2.11.0 for 
model compiling, training, and prediction, NumPy 1.23.5 for data pro
cessing, scikit-learn 1.2.1 for outcome evaluation, pandas 1.5.3 for data 
management, and matplotlib 3.6.3 and Seaborn 0.12.2 for visualization. 
The code for model architectures and training setup was modified from 
that of SPECTR [9,15].

2.5. Ethics

The study was approved by the Medical Research Committee of HUS 
(§26/2022) and was conducted in accordance with the ethical principles 
of the Declaration of Helsinki. In accordance with the ethical standards 
governing research, no other approval was required on account of the 
secondary nature of the research. In reporting, the study adhered to 
STARD guidelines [16].

3. Results

3.1. The patients

The total number of samples and patients was 34,625, with 52 % 
women and a median age of 69 years (Table 1). Of the patients with a 
paraprotein integrated in CE, 46 % were women, with a median age of 
73 years. The ground truth by IFE was normal in 88 % of samples in both 
TG and VG, and in 7 % of TG-PI and 8 % of VG-PI. There were no sig
nificant differences in age, gender distribution, or location of para
proteins between TG, VG, TG-PI, and VG-PI.

3.2. Fractionation model

FM predicted the location of fractions (albumin – gamma). The 
performance of the model was evaluated with respect to predicted 
concentrations of the protein fractions and the location of the fractions. 
The errors were ≤ 0.33 g/L in 95 % of the samples in VG (Fig. 2). This 
includes the errors in all fractions. With normal ground truth in classi
fication, 95 % of the samples had an error ≤ 0.29 g/L and, with 
abnormal ground truth, 95 % of the samples had an error ≤ 1.3 g/L 
(Fig. 2). We also compared the proportion of samples with error points 
(each point equals 1/300 of the electropherogram) (Table S1). The error 
was ≤ 2 points in 94 % in all samples, in 95 % of samples with normal 
ground truth in classification, and in 86 % of samples with abnormal 
ground truth. The errors of concentrations were similar across the 
fractions (Figure S1). FM performed better for samples with normal than 
for those with abnormal classification ground truth in terms of number 
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of error points and concentration (p-value < 1e-06) (Fig. 2, Table S1). In 
the case of VG samples with paraprotein integrated, the median error 
was 0.1 g/L, with an inter-quartile range (IQR) of 0.0–0.1 g/L. This was 
observed when the paraproteins did not coincide the fraction changes. In 
the event of coincidence, the error was 2.0 g/L (IQR 1.3–6.9 g/L). This 
difference is significant (p-value < 1e-06). There were 27 samples (0.3 % 
from VG) that FM predicted ineligible fractions: either an incorrect 
count or incorrect order. These were excluded from the analysis of FM.

3.3. Classification model

CM predicted whether the samples were normal, ambiguous, or 
abnormal (i.e. presence of paraprotein in the sample). In ROC analysis of 
normal versus ambiguous or abnormal cases the AUC was 97 % (95 % CI 
96–97 %) (Figure S2), and with a threshold of 0.95, a sensitivity of 95.2 
% and a specificity of 81.2 % were achieved (Table 2). With a threshold 
of 0.8, the precision was 98.3 % for normal and 88.5 % for abnormal 
outcome. Tightening the threshold to 0.975 improves the precision to 
99.5 % and 92.8 %, respectively, but simultaneously increases the pro
portion of ambiguous results, i.e. the results that were neither above the 
normal nor abnormal threshold, from 8.2 % to 33 % (Fig. 3, Table 2). 
With a threshold of 0.95, precision of CM was 99.2 % for normal and 

91.7 % for abnormal results. Using this threshold, 49 samples (0.8 %) 
with abnormal ground truth were incorrectly classified as normal. A 
closer look at the IFE reports of these samples revealed that the para
protein concentration was < 1 g/L in 35 (71 %) samples and < 5 g/L in 
46 (94 %) samples (Table S2). We also tested training the models with 
samples without clinician ordered IFEs or with only the samples for 
which IFEs were performed, but these did not improve the outcomes 
(Tables S3, S4 and S5). Finally, in the cross-validation, the results of CM 
were found to be well within the confidence intervals, and thus no sig
nificant bias was detected (Table S6).

3.4. Paraprotein integration model

PIM predicted the location and concentration of paraproteins. In 95 
% of the samples in VG the error was ≤ 1.6 g/L (Fig. 4A). Comparison of 
paraprotein concentrations between the ground truth and predicted by 
PIM by linear regression shows coefficient of determination (R2) 0.991 
and root-mean-square error (RMSE) 1.37 g/L (Fig. 4B). The intercept 
was − 0.14 (95 % CI 0.002 to − 0.29) g/L, and the slope 1.005 (0.997 to 
1.012). In addition, we calculated the errors as the number of points. 
The error was ≤ 2 points in 75 % of all samples, in 82 % of the samples 
with a paraprotein in the gamma fraction, and in 67 % of the samples 
with a paraprotein in another fraction than gamma (Table S7). The 
model performed better when the paraprotein was in the gamma frac
tion (p-value 0.01).

4. Discussion

We have confirmed that the principle in SPECTR developed by 
Chabrun et al. [9] in fractionating, classifying normal and integrating 
paraprotein SPE electropherograms is effective and reliable. We used 
patient samples from HUS, and the gold standard IFE as the ground 
truth. To improve precision of our models to detect paraproteins, we 
defined an ambiguous group with different thresholds to account for 
samples that are not definitively normal or abnormal.

Our fractionation model FM performed better than that of SPECTR. 
While SPECTR had a standard deviation of 0.91 g/L and 1.17 g/L for 
gamma fraction in internal and external test sets [9], respectively, our 
model had deviation less than 0.33 g/L in 95 % of the samples. 
Furthermore, our findings demonstrate that when a paraprotein co
incides with a fraction change, the error rate of fraction concentrations 

Table 1 
Patient and sample characteristics of the training groups (TG, TG-PI) and validation groups (VG, VG-PI). Location of paraproteins presents the proportion of all samples 
with an integrated paraprotein in the given location. Because a paraprotein can expand into multiple fractions, the total sum for each row exceeds 100 %.

Group n Age Women Ground truth Location of paraproteins

Median [IQR] Normal Abnormal Albumin Alpha-1 Alpha-2 Beta-1 Beta-2 Gamma

TG 25 969 69 [57–77] 52 % 88 % 12 % 0.1 % 0 % 0.4 % 3 % 11 % 96 %
VG 8 656 68 [56–77] 52 % 88 % 12 % 0 % 0 % 0.2 % 3 % 13 % 94 %
TG-PI 1 705 73 [65–81] 46 % 6.8 % 93 % 0.1 % 0 % 0.4 % 3 % 11 % 96 %
VG-PI 579 73 [65–80] 45 % 7.9 % 92 % 0 % 0 % 0.2 % 3 % 13 % 94 %

Abbreviations. TG – training group of all samples and patients, VG – validation group of all samples and patients, TG-PI – training group of samples and patients with 
paraprotein integrated, VG-PI – validation group of samples and patients with paraprotein integrated, IQR – inter-quartile range.

Fig. 2. The concentration error density plots for Fractionation Model in total 
VG, in VG with ground truth normal, and in VG with ground truth abnormal.

Table 2 
The results of Classification Model with different thresholds. The proportion of model outcomes in the validation group shows the percentage of samples classified 
as normal, ambiguous, and abnormal. The precision describes proportion of correctly classified samples when compared to the ground truth. Sensitivity and specificity 
are calculated from the normal threshold, i.e. ambiguous is considered abnormal.

Threshold Proportion of model outcomes Precision Sensitivity Specificity

Normal Ambiguous Abnormal Normal Abnormal

0.80 82.9 % 8.2 % 8.8 % 98.3 % 88.5 % 87.9 % 92.5 %
0.90 78.3 % 14.3 % 7.4 % 98.7 % 90.1 % 91.5 % 87.7 %
0.95 72.1 % 22.3 % 5.6 % 99.2 % 91.7 % 95.2 % 81.2 %
0.975 64.1 % 33.0 % 2.9 % 99.5 % 92.8 % 97.5 % 72.4 %
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is markedly elevated. Based on our clinical experience, in addition to 
posing a challenge for our model, these situations are also challenging 
for human interpreters.

Our classification model CM outperforms previous machine learning 
models trained on gel samples [10,11], but is slightly inferior to the 
original SPECTR [9]: SPECTR had sensitivity of 97.8 % and 95.5 %, and 
specificity of 96.6 % and 96.2 % in internal and external test sets, 
respectively [17]. Our model had sensitivity of 91.5 % and specificity of 
87.7 % with the same threshold of 0.90. Similarly, our model had AUC 

97 %, while SPECTR had AUC > 99 % and 99 % with internal and 
external test sets, respectively. The fact that our ground truth was based 
on IFE rather than laboratory specialist’s opinion of the SPE is likely to 
explain the difference. We chose IFE as the ground truth as it is the gold 
standard for the detection of paraproteins. Using IFE as the ground truth 
likely decreases the observed specificity since samples with unspecific 
peaks caused by for example high CRP or other interferences are not 
classified as abnormal by the ground truth method. Additionally, our 
decision to include only the first sample from each patient may have 
contributed to this discrepancy, as the first samples may be more diffi
cult to classify. Furthermore, our dataset was smaller with higher 
average patient age as compared to that of Chabrun et al. [9].

Jonsson et al. [12] developed a decision algorithm to classify samples 
according to the results of selected mathematical formulae. The evalu
ation was based on gel electrophoresis interpretation (n = 711) as the 
ground truth. There were 95 samples with monoclonal immunoglobu
lins and nine samples with monoclonal free light chains. The sensitivity 
to detect was 98.9 % with the monoclonal immunoglobulins and 56 % 
with the monoclonal free light chains. The specificity was 99.5 % and 
the detection limit in gamma region 1 g/L. However, compared to our 
study the sample size was small, and the ground truth defined 
differently.

The sensitivity of CE has been estimated to be 98 % and the speci
ficity 91 % when compared to immunoelectrophoresis or immunofix
ation [18]. With a threshold of 0.975, our CM has similar sensitivity, but 
specificity is 72 %. This may partly be explained by differing proportions 
of samples with paraprotein concentrations ≤ 1 g/L, but also demon
strates that there is still room for further improvement of AI models.

The results from our additional models indicate that CM has superior 
precision to CM-EO, which has been trained using the interpreter’s 
suspicion of paraprotein as the ground truth, rather than the IFE 
(Table S5). Therefore, the findings suggest that the model may outper
form the average interpreter.

Paraprotein integration with our PIM model performed equally well 
to the original SPECTR. When comparing model predictions to ground 
truth both studies had the same coefficient of determination of 0.99. For 
our PIM RMSE was 1.37 g/L, and for SPECTR it was 1.23 g/L with in
ternal test set and 1.13 g/L with external test set [9]. Our study provides 
further evidence that the methodology used in SPECTR is valid and 
robust, even if compared to the gold standard IFE, HUS patient samples, 
and our reporting style. We also demonstrate that the samples with 
paraprotein in other regions than gamma are more prone to errors. This 
was expected as they are also more challenging to detect and integrate 
by laboratory specialists.

Our study has limitations that need to be considered. First, we chose 
the first sample of each patient to represent new cases. However, some 

Fig. 3. Performance of Classification Model at different thresholds. In the left axis, there is precision of the classification normal ground truth as normal (blue) and 
abnormal ground truth as abnormal (red). In the right axis, there is proportion of normal samples predicted as normal (teal) and proportion of abnormal samples 
predicted as abnormal (yellow).

Fig. 4. Paraprotein Integration Model’s performance with validation samples 
(VG-PI). A) Density plot of error concentrations in total and in different protein 
fractions. B) Linear regression analysis of the prediction and the ground truth 
concentrations.
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patients may have had a plasma cell disorder diagnosed at an earlier 
date not included in our data, and the first sample in our registry was in 
fact a follow-up sample. Most of these cases are due to previous mergers 
of laboratories in our region. Secondly, initial fractionating of electro
pherograms is currently made automatically by Sebia’s Phoresis pro
gram that searches the local minima. If the initial fractionating is 
incorrect, the laboratory specialist should correct it manually. In prac
tice, this may remain undone and as always, other human errors are 
possible as well. However, these are likely to apply to only a small 
proportion of the samples and are thus unlikely to have a significant 
impact on our overall results.

Although our sample size was above 34 000 samples, it is not enough 
to train AI models with rare or very rare conditions. For instance, par
aproteins occur infrequently in the alpha fractions and therefore errors 
in this fraction are more common. Jacobs et al. [19] have demonstrated 
that the detection limit of SPE is around 1 g/L. This is in line with our 
finding that samples misclassified by CM often had ≤ 1 g/L paraprotein. 
A small proportion of errors can be tolerated because clinicians are 
aware of the limitations of SPE in detecting some paraproteins. When 
paraproteins are strongly suspected, clinicians often order IFE directly. 
Taken together, CM can be used in clinical practice to automatically 
classify samples. In our hospital, 88 % of new SPE samples are inter
preted as normal. In the future, CM could be used to reduce the manual 
work of laboratory specialists by automatically identifying normal re
sults for release to the laboratory information system.

5. Conclusions

This study provides further evidence that machine learning models 
could partly replace manual interpretation of SPE results. Our models 
can reliably fractionate and classify normal samples and could therefore 
be exploited to select results for automatic reporting to electronic health 
records. In addition, the models can facilitate fractionating and inte
grating paraproteins in ambiguous or abnormal cases. Besides speeding 
up the process, AI models are also likely to reduce human errors in 
interpretation and help to direct the expert’s attention to challenging or 
pathological cases. However, further work is needed to improve speci
ficity of the present models especially in rare paraproteinaemias. New 
models to predict re-appearance of the original paraprotein during 
clinical follow-up, or the incorporation of additional patient data to the 
predictive models, e.g. serum free light chains, could further improve the 
accuracy and reduce the need for confirmation by the gold standard IFE. 
Lastly, the final judgment by the clinical laboratory specialist remains.
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