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Objective: We retrospectively screened 350,116 electronic health records (EHRs) to identify suspected patients for Pompe disease. Using these suspected patients, we then describe their phenotypical characteristics and estimate the prevalence in the respective population covered by the EHRs.

Methods: We applied Symptoma's Artificial Intelligence-based approach for identifying rare disease patients to retrospective anonymized EHRs provided by the “University Hospital Salzburg” clinic group. Within 1 month, the AI screened 350,116 EHRs reaching back 15 years from five hospitals, and 104 patients were flagged as probable for Pompe disease. Flagged patients were manually reviewed and assessed by generalist and specialist physicians for their likelihood for Pompe disease, from which the performance of the algorithms was evaluated.

Results: Of the 104 patients flagged by the algorithms, generalist physicians found five “diagnosed,” 10 “suspected,” and seven patients with “reduced suspicion.” After feedback from Pompe disease specialist physicians, 19 patients remained clinically plausible for Pompe disease, resulting in a specificity of 18.27% for the AI. Estimating from the remaining plausible patients, the prevalence of Pompe disease for the greater Salzburg region [incl. Bavaria (Germany), Styria (Austria), and Upper Austria (Austria)] was one in every 18,427 people. Phenotypes for patient cohorts with an approximated onset of symptoms above or below 1 year of age were established, which correspond to infantile-onset Pompe disease (IOPD) and late-onset Pompe disease (LOPD), respectively.

Conclusion: Our study shows the feasibility of Symptoma's AI-based approach for identifying rare disease patients using retrospective EHRs. Via the algorithm's screening of an entire EHR population, a physician had only to manually review 5.47 patients on average to find one suspected candidate. This efficiency is crucial as Pompe disease, while rare, is a progressively debilitating but treatable neuromuscular disease. As such, we demonstrated both the efficiency of the approach and the potential of a scalable solution to the systematic identification of rare disease patients. Thus, similar implementation of this methodology should be encouraged to improve care for all rare disease patients.
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1. Introduction

The main challenges for rare diseases (RD) are related to diagnosis because, by definition, they are unknown to patients and physicians because of their rarity (1, 2), are characterized by a broad diversity of syndromic disorders, where symptoms in isolation, can be mistaken for more common diseases, also leading to “premature closure” of the diagnostic journey (2), and prolonged diagnostic journey consulting multiple physicians and undergoing numerous examinations and treatments, impairing a conclusive review of the overtime gathered retrospective documentation. Rare diseases are defined as those with a prevalence of fewer than 200,000 people each year in the US and fewer than one per 2,000 people in the European Union (3, 4). Under these definitions, around 7,000 different conditions qualify as rare diseases, yet there are only ~20,000 overall known diseases (5). This highlights the scale of the problem of misdiagnosis in rare diseases. Above mentioned reasons altogether lead to a lengthy and burdensome path to diagnosis that can take, on average, 96 months (8 years) and even 236 months (28 years) for a quarter of patients (6). Within this manuscript, we highlight the rare disease Pompe disease. On average, Pompe disease patients wait for 2.5 months (infantile-onset) and up to 144 months (late-onset) for the right diagnosis (7, 8). Yet, this only applies to the patients who eventually are diagnosed correctly. Several studies focusing on patients suffering from myopathies of unknown etiology have shown missed diagnosis of Pompe disease to be a significant problem, highlighting the number of unknown cases where the right diagnosis is never found (9–13).

The prevalence of Pompe disease varies significantly based upon the estimation method (11, 14–17). For example, estimations based on genetic databases give a prevalence of one in every 23,232 people (1:23,232) globally (15). Whereas survey-based investigations, where clinical centers treating Pompe disease patients were contacted, calculated prevalence rates of 1:350,914 and 1:283,000, respectively (16, 17). Similar variation in prevalence is seen geographically. The estimated prevalence in Austria from genetic newborn screening results is 1:8684, whereas a broader analysis of global genetic databases suggests a prevalence of 1:13,756 for (non-Finnish) Europeans (14, 15). The highest prevalence was observed in the East Asian population (1:12,125) and the lowest in the Finnish (1:1,056,444) (15). A relative difference in the incidence of 98.85%. Such variation again highlights the limitations and challenges to assessing the prevalence of rare diseases, but Pompe disease in particular.

The typical phenotype presents itself in two types: infantile-onset Pompe disease (IOPD) and late-onset Pompe disease (LOPD), which are generally well-described (18). Within IOPD, the disease manifestation strongly correlates with the patient's genotype, specifically the level of acid α-glucosidase (GAA) activity (19). In contrast, the variable progression in LOPD is influenced by yet unknown factors (18). This genetic variance also poses challenges to the accuracy of genetic newborn screening programs. Such programs have been installed in certain regions, but are costly ($408,000/Quality of life years [QALY]) (20) and still produce high false positive (i.e., Pseudo Deficiency, Carrier, No Disorder) rates ranging from 92.52 to 79.55% (21–23). Diagnosis, and a better understanding of the mechanics of RDs, like Pompe disease, are impeded by the rare disease conundrum, where the arduous diagnosis of a RD hinders the generation of knowledge on said RDs, thereby enabling diagnosis in the first place (24). The biggest challenge is identifying suspicious patients and then routing them into the correct clinical lane for further diagnostic workup, especially in rare disease competence centers (1, 7, 25). Several studies have already shown that digital tools have the potential to support the early diagnosis of rare disease patients (26).

Despite these promising results in the published literature, many different technical, economic and political barriers cause a reduction in the uptake of medical innovations. As such, few solutions have been validated outside the academic sphere. The main facilitating factors, namely ease of use, integration into care, and user-friendliness, mentioned in the literature all revolve around the fact that the solution must not disrupt the existing processes (27, 28). Thus, building a solution which exploits existing resources and integrates into existing infrastructures and processes distinctly increases the chances of a successful uptake.

Electronic Health Records (EHRs) refer to the comprehensive collection of healthcare data for all patients. As such, EHRs represent an existing rich resource of retrospective data already present within most institutions and downstream of existing protocols. Given these features, it is no surprise that solutions based on EHRs have been widely suggested. However, unlocking the potential of data harbored in EHRs is non-trivial. The data is highly heterogenous and often incomplete, making it troublesome for traditional automated solutions. To our knowledge, no solution has reportedly achieved real-world impact so far using retrospective EHRs (26, 29–31).

Making this highly heterogenous and flawed data available for AI ingestion requires several cutting-edge technologies and is a highly active research topic (32, 33). For example, the n2c2 Clinical Challenges, a periodic release of annotated de-identified clinical notes, enables hundreds of research articles detailing how best to extract information from unstructured medical data (34). Once this data has been prepared, automated screening of EHRs can serve as a highly sensitive first step in the screening funnel for rare diseases. Automated screening has the capacity to enable large-scale rare disease patient screening, while reducing efforts of accurate patient selection, without disrupting existing workflows, therefore, increasing cost-effectiveness and ultimately the discovery rates of rare disease patients.

In this manuscript, we describe the outcomes of an automated artificial intelligence (AI)-based methodology to identify Pompe disease patients based on their existing retrospective EHRs. We present the results and compare the efficiency rates of our methodology with other comparable screening projects. Further, we discuss the phenotypical findings of identified suspected patients.



2. Materials and methods


2.1. Artificial intelligence

In our retrospective data analysis study, a proprietary AI developed by Symptoma1 was applied to retrospective anonymized EHRs. Symptoma designed the AI to identify patients who are likely to suffer from a specified rare disease. The performance of Symptoma's technologies has been demonstrated in previous studies (35–37). Within this study, the target was Pompe disease. A patient suggested by the AI is called “flagged.” The data features leading to a classification as “flagged” can be divided into three non-mutually exclusive general groups: clinical presentation, patient profile, and hidden disease patterns. Clinical presentation includes a symptomatic presentation and diagnostic test results (e.g., laboratory tests and imaging). Patient profile refers to age, sex, and family history. Hidden disease patterns encompass features which are not traditionally clinically relevant and are highlighted by the AI. For example, the sequence of departments visited by a patient. The performance of the AI was benchmarked in-silico for Pompe disease [MRR = 0.95, 95% CI (0.884–1.0); ROC-AUC = 0.987, 95% CI (0.962–1.0); F1 score (considering top 10 results) = 0.983, 95% CI (0.947–1.0)]. More detailed information on this analysis can be found in Supplementary material S1.



2.2. Evaluation

When the AI determines that enough evidence is present for a given patient to be suspected of Pompe disease, it flags them for further review. To assess the quality of the “Flagged” patients, their respective anonymized EHRs are first reviewed by generalist physicians (GP). Those deemed valid candidates are then presented to specialist physicians (SP) for Pompe disease. For this study, the SPs were a pediatrician and an internal medicine physician both specialized in rare metabolic diseases. The GP allocated the labels “Diagnosed,” “Suspected,” “Reduced Suspicion,” and “Rejected” (definitions in Table 1), while the SP assigned the labels “Definite,” “Probable,” “Possible,” “Inconclusive,” and “Unlikely” (definitions in Table 2). Patients labeled either “Rejected” by the GP or “Unlikely” by the SP were considered as “Negative” for further analysis. All others were considered “Positive.” Historically diagnosed patients were identified using ICD codes and disease name and were considered must-not-miss patients.


TABLE 1 Classifications by general physicians.
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TABLE 2 Classification after specialist feedback.
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In addition to the “Flagged” cohort, a “Background” cohort was generated from the remaining patients. For each flagged patient, a random patient from those remaining was selected. Selection was biased such that those paired had similar ages and quantity of documentation.



2.3. Data preparation

EHR data was provided by the “University Hospital Salzburg” (Landeskliniken Salzburg, referred to as SALK2) clinic group with whom a data permit had been granted. Within this study, SALK prepared a total of 350,116 EHRs. Each EHR contains an array of document types (specified in Table 3) related to an individual patient. All data was anonymized by the IT department of the clinic group prior to analysis. The analysis itself was performed using Symptoma's proprietary AI. For the evaluation of patient characteristics, data was extracted from free-text documentation using Symptoma's proprietary data processing tools. To account for historical Pompe disease patients, the respective dataset was blinded by removing information directly suggesting a Pompe disease diagnosis (i.e., disease name, GAA deficiency, enzyme replacement therapy).


TABLE 3 Available document types.
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2.4. Statistical analysis

The number of patients needed to screen for one patient to be a clinically plausible Pompe disease patient, that meaning not rejected under medical review (“Positive” label), was calculated as a binomial confidence interval using the Wilson Score Interval. The Wilson score interval is appropriate due to the infrequency of patients meaning the probability that a random patient suffers from Pompe disease is near zero. To identify any separation between the “Positive,” “Negative,” and “Background” cohorts, we performed a principal component analysis (PCA). To analyze the characteristics of these clinically plausible patients, we subset to those features associated with at least four patients in our flagged patient cohort. We calculated the association of patient characteristics to Pompe disease via the Fisher exact test, reporting the odds ratios within the text. We test both “Positive” against “Negative and “Positive” vs. “Background.” Lastly, we investigated the association between patient characteristics for the 10 most differentiating features according to the “Positive” vs. “Background” analysis above. The co-occurrence, the percentage of patients with both symptoms, is reported alongside the odds ratio. To account for multiple testing, p-values were corrected via the Holm-Sidak method throughout our manuscript.




3. Results


3.1. Number needed to screen

The AI identified (flagged) 104 suspicious patients out of the pool of 350,116 patients based on their retrospective EHRs. Therefore, the AI found one suspicious patient for every 3,366.5 (95% CI: 2,778.8–4,078.6) patients screened. These patients underwent medical review by the GPs, which reduced the number of suspected patients to 22. If one considers the removed patients as false positives, the AI has a specificity of 21.15%. The GPs further divided the patients into five “diagnosed,” 10 “suspected,” and seven “reduced suspicion” patients. In the consecutive feedback round, the SPs assigned the patients into five “definite,” two “probable,” six “possible,” six “inconclusive,” and three “unlikely” patients. In Figure 1, a Sankey diagram describes the flow of patients in the process funnel alongside the labeling by the consecutive reviews. Adding those considered “unlikely” by the SPs to the other false positive patients, namely those flagged by the AI but rejected by the GPs, gives a specificity of 18.27% for the AI. The prevalence of Pompe disease patients within SALK based upon these results is 1:18,427.16 (95% CI: 11,797.67–28,782.29).


[image: Figure 1]
FIGURE 1
 A Sankey diagram outlining the flow of patients in our Pompe disease process funnel. Patients are flagged by our AI following which they undergo manual medical reviews by generalist and specialist physicians. The physicians assign labels to the patients according to their respective likelihoods for Pompe disease.




3.2. Patient characteristics

For further analysis, we divided flagged patients into two groups, positive and negative. Patients rejected during GP review or received the label “unlikely” from SPs later were regarded as negative (n = 85). All remaining patients were regarded as positive (n = 19). Figure 2 shows the frequencies of characteristics found in these groups as well as those found within our randomly sampled background cohort. The most prevalent patient characteristics within the flagged cohort were pain, fatigue, headache, hepatomegaly, and dyspnea (n = 83, n = 50, n = 32, n = 24, and n = 23, respectively). The top five most differentiating characteristics between the positive and negative cohorts are:

• Muscle Weakness: OR = 6.14, p-value (corrected) = 0.08.

• Scapula Alata: OR = 22.4, p-value (corrected) = 0.112.

• Myalgia: OR = 5.45, p-value (corrected) = 0.122.

• Myopathy: OR = 4.42, p-value (corrected) = 0.251.

• Muscle Hypotonia: OR = 3.92, p-value (corrected) = 0.450.


[image: Figure 2]
FIGURE 2
 The frequencies of characteristics found within the positive, negative and background cohorts. The positive cohort are those flagged by the AI and then deemed clinically plausible for Pompe disease after medical review. The negative cohort are those flagged by the AI and then rejected with regard to Pompe disease after medical review. The background cohort is sampled from the remaining non-flagged patients.


Similarly, the top five most differentiating characteristics between the positive and background cohorts are:

• Myopathy: OR = Inf, p-value (corrected) = 2.4E-6.

• Muscle Weakness: OR = 37.09, p-value (corrected) = 8.84E-5.

• Myalgia: OR = 11.88, p-value (corrected) = 0.004.

• Scapula Alata: OR = Inf, p-value (corrected) = 0.013.

• Muscle Hypotonia: OR = 8.08, p-value (corrected) = 0.035.

Please note that the infinite odds ratio (OR) associated with Myopathy and Scapula Alata is due to those characteristics only being found in the positive cohort.



3.3. Principal component analysis

We performed a PCA on the patient characteristics to reduce the dimensionality, explore the separation with the background population, and identify potential patient clusters. Clustered patients within the positive cohort may represent different phenotypic presentations. The outcome is shown in Figure 3, where we show the first three principal components and the density with respect to each cohort (positive, negative, and background). The explained variance for each of the first three components is 0.167, 0.085, and 0.074, respectively. The features with the largest contributions to the first principal component (PC1) are: “Fatigue, Headache, Lower Back Pain”; to the PC2: “Splenomegaly, Hepatomegaly, Fatigue”; and to the PC3: “Fatigue, Myalgia, Dyspnea.” We find that PC3 drives a weak separation of the positive and other groups.


[image: Figure 3]
FIGURE 3
 The pairwise plots of the first three principal components alongside their respective densities of a principal component analysis performed on the combined positive, negative, and background cohorts. The features with the largest contributions to the variance of the first principal component (PC1) are: “Fatigue, Headache, Lower Back Pain”; to the PC2: “Splenomegaly, Hepatomegaly, Fatigue”; and to the PC3: “Fatigue, Myalgia, Dyspnea.”




3.4. Co-occurrence analysis

The heatmap (Figure 4) shows the co-occurrence (CO) and odds ratios of patient characteristics pairings within the positive cohort. The annotation for each element is the co-occurrence, the percentage of patients in which both characteristics are present. The color encodes the respective logarithmic odds ratios (LOR), indicating which characteristic pairs appear more or less than expected by chance, given their independent rates of occurrence. A LOR above zero indicates enrichment for a given pairing, while a value lower than zero indicates the pairing occurs less than expected. All elements left blank have an infinite LOR as the characteristics always occur together. The characteristic pairs which always occur together (LOR = Inf) are:

• Scapula Alata and Muscle Weakness [CO = 21.1%, p-value (corrected) = 0.55],

• Cardiomegaly and Myopathy [CO = 15.8%, p-value (corrected) = 0.91],

• Muscle Cramps and Myopathy [CO = 15.8%, p-value (corrected) = 0.91],

• Muscle Cramps and Muscle Weakness [CO = 15.8%, p-value (corrected) = 0.91],

• Muscle Cramps and Myalgia [CO = 15.8%, p-value (corrected) = 0.91],

• Muscle Cramps and Muscle Hypotonia [CO = 15.8%, p-value (corrected) = 0.91],

• Cardiomyopathy and Fatigue [CO = 15.8%, p-value (corrected) = 1.00].


[image: Figure 4]
FIGURE 4
 The co-occurrence, given as the text annotation, and the log odds ratio (LOR) of characteristics found within the positive cohort as color code. The co-occurrence is the percentage of the cohort with both of a given characteristic while the LOR indicates if that characteristic pairing appears more or less than expected by chance, given their independent rates of occurrence. A LOR above zero indicates enrichment for a given pairing, while a value lower than zero indicates the pairing occurs less than expected. All elements left blank have an infinite LOR as the characteristics always occur together.




3.5. Phenotypes

In a sub-analysis, we have looked at the phenotypes in the age groups related to IOPD and LOPD, which correspond to symptom onset before or post 1 year of age, respectively (19). Due to the inconsistency of precise ages of onset in some cases, which is a commonly encountered problem in rare disease patients (19), we approximated the age of onset as the age at the first admission.

IOPD: Symptom onset at <1 year of age (Figure 5). Below are the most frequent characteristics experienced and the associated fraction of patients (n = 4):

• Muscle hypotony (frac = 0.50).

• Cardiomyopathy (frac = 0.50).

• Myopathy (frac = 0.25).

• Cardiomegaly (frac = 0.25).

• Pain (frac = 0.25).

• Atelectasis (frac = 0.25).

• Fatigue (frac = 0.25).

• Splenomegaly (frac = 0.25).

• Restricted mobility (frac = 0.25).


[image: Figure 5]
FIGURE 5
 The frequencies of characteristics found within the Infantile-onset Pompe disease (IOPD) and late-onset Pompe disease (LOPD) subgroups to the positive cohort. These subgroups are defined by the first occurrence of symptoms, specifically before or after 1 year of age, respectively.


LOPD: Symptom onset at >1 year of age (Figure 5). Below are the fractions of patients (n = 15) where the following top 10 most frequent characteristics were documented:

• Pain (frac = 0.87).

• Fatigue (frac = 0.60).

• Myopathy (frac = 0.40).

• Muscle weakness (frac = 0.40).

• Myalgia (frac = 0.33).

• Headache (frac = 0.33).

• Scapula alata (frac = 0.27).

• Muscle hypotony (frac = 0.20).

• Dyspnea (frac = 0.20).

• Abnormal body posture (frac = 0.20).




4. Discussion


4.1. Screening efficiency

Currently, screening projects for Pompe disease are based on either manual review and consecutive dry blood spot test (DBS) or large-scale newborn DBS [also referred to as Newborn genetic screening (NBS)] to identify suspected patients for genetic testing. Governments have implemented fully funded and partly subsidized NBS in various regions worldwide (e.g., Japan, Taiwan, California-U.S.) (21–23). The advantages of NBS are that the sensitivity is expected to be close to 100% and the possibility of early intervention, which is critical for a better disease prognosis. Additionally, it is possible to prospectively follow up with patients where a high-risk of LOPD variant has been detected (38). However, one pitfall of this method is that Pompe disease patients that the healthcare system has missed in the past are never uncovered. Also, testing every newborn leads to very high false positive rates (79.55%−92.52%) and non-actionable information, which puts an unnecessary burden on parents and children, causing them psychological distress (21–23, 39–41). Additionally, genetic screening is challenged by continuously newly discovered genotype variants (42–48). For NBS, it usually requires manual screening via DBS of thousands of patients (5150 to 1895 newborns) to identify one single suspected patient for further genetic testing depending on the ethnicity and region (California, Japan, Taiwan) (21–23).

Our AI-based approach exploiting existing retrospective EHR data screened all patients (n = 350,116) admitted to any of the five hospitals of the SALK clinic group via a one time application (49). The AI operated at an efficiency of 5.47 (95% CI: 3.73–8.32) patients needed to be screened manually to identify one suspected patient. Five patients were identified as historically diagnosed patients in our dataset, which we considered must-not-miss patients, and all were identified by the AI and later confirmed by generalist physicians (five “diagnosed”) and specialist physicians (five “definite”) suggesting a low risk for false negatives.

Furthermore, frequently missed diagnoses of LOPD patients make the need for retrospectively identifying missed patients evident (9–13). Targeted manual approaches to screening patients before DBS and genetic testing have yielded respectable results (9–13). Table 4 shows an overview of the outcomes in other screening studies. However, this requires an additional clinical examination of patients to route them for further manual DBS screening, often following a multicenter approach over several years. On average, four eligible patients per month per clinic were found, while requiring 17 patients to be examined to find a single suspected patient (9–13, 50). Our AI-based screening enabled an analysis reaching back more than a decade (2007–2021). Inclusive of the review round with GPs and SPs, and including running the AI, the screening took <1 month and resulted in 21 eligible patients per clinic. From this cohort, we found it required 5.47 patients to be manually reviewed to find one suspected patient.


TABLE 4 Overview of published Pompe disease screening studies.

[image: Table 4]

Due to the low prevalence of rare diseases, the number of patients screened is the most relevant variable for success. Thus, resource-efficient scalability and accuracy are key metrics for any prospective approach (39, 40). For NBS, as well as targeted manual screening, required time and resources increase almost directly proportional with the number of screened patients (20). Our AI-based approach scales with increasing resource efficiency for every additional patient included for screening. This indirect proportional behavior marks a distinct advantage for the screening of rare diseases.

The prevalence of Pompe disease patients in the greater Salzburg region, based upon our methodology is 1:18,427.16 (95% CI: 11,797.67–28,782.29), which falls into the same range as reported based upon genetic databases for (non-Finnish) Europeans (1:13,756) and global prevalence (1:23,232) (15).



4.2. Differentiating characteristics

We chose to use free-text documentation as the focus for the patient characteristic analysis as it not only showed the highest level of continuity but also reflects patients in early stages who did not have a laboratory workup yet. We considered this to be the most challenging part of the diagnostic patient journey. Analyzing the PCA, it appears that PC3 (Fatigue, Myalgia, and Dyspnea) drives a weak separation of the positive cohort from the negative and background groups. Notably, fatigue was found in all components to be an important feature. However, PC1 (Fatigue, Headache, and Lower Back Pain) includes more common symptoms as the other large contributors, while PC2 (Splenomegaly, Hepatomegaly, Fatigue) highlights features related to organs abnormalities. This suggests that symptoms related to muscular impairment are more specific and thus important when differentiating patients suspicious for suffering from Pompe disease. Scapula alata, myopathy, myalgia, muscle hypotony and muscle weakness were the characteristics pointing at Pompe disease with the highest statistic certainty among all patients identified by the model, which is in line with cardinal symptoms described in the literature (51–53). Although clinical courses can vary remarkably, especially in LOPD (54–56), this suggests that the AI identified patients correctly according to their phenotypes.



4.3. Phenotypical insights

Co-occurrence of cardiomegaly and cardiomyopathy being important differentiating characteristics (Figure 2), with muscle hypotony (Figure 4) shows agreement with IOPD differentiating characteristics described in the literature (18, 51). Interestingly, muscle hypotony does not co-occur more than expected with muscle weakness and myalgia. Of course, the limitation is the small sample size (n = 19); however, it might point at muscular tone being either less relevant when other neuromuscular characteristics are present or being more fulminant when others are missing (57). Further conversely to other general symptoms such as pain and headache, fatigue was not only frequently reported, but also coincides more than expected with muscle weakness and myalgia, suggesting a meaningful differentiating character. Similarly, we found that fatigue distinctly inversely coincided with cardiomegaly, normally found in IOPD, which suggests that certain symptoms might be present but are not reported, as in this case newborns do not report “fatigue” as such. Myalgia was an important differentiating characteristic but also the one together with muscle cramp which coincided with the most neuromuscular symptoms, which suggests that they serve as good predictors for Pompe disease when appearing in the context of neuromuscular diseases. Further Scapula alata was an important differentiating characteristic but also the one together with myopathy which was not found in the background population, which suggests that it serves as a good predictor for Pompe disease, when there are little other specific characteristics. Other frequently described characteristics such as dyspnea, back pain/lumbago and hepatomegaly (52, 53) were found in the positive group as well, however much more frequently in the negative group, which suggests that they are poor stand-alone predictive characteristics for identifying Pompe disease patients.



4.4. Established phenotypes

The phenotypes derived from the results of the AI are based upon EHRs provided by the SALK clinic group (see text footnote 2). The clinic group is servicing the area in and around Salzburg (Austria), including parts of Bavaria (Germany), Styria (Austria), and Upper Austria (Austria), thus representing the population in these regions (58).

Phenotype onset at <1 year of age (IOPD): In our cohort (n = 4), we have found cardiomyopathy (frac = 0.50) and muscle hypotony (frac = 0.50) to be the most common symptoms, which are also described as cardinal findings in IOPD patients (42, 43). Further organic abnormalities, such as cardiomegaly (frac = 0.25), splenomegaly (frac = 0.25) or atelectasis (frac = 0.25) as well as restricted mobility (frac = 0.25), but interestingly no scapula alata, had been documented. These results may indicate features that are less clinically prominent in newborns compared to older patients.

Phenotype onset at >1 year of age (LOPD): In our cohort (n = 15), no cardiac characteristic has been found under the top 10 most reported symptoms. However, characteristics related to proximal muscle weakness and progressive failing of the musculature have been found, which is in agreement with characterizations in the literature so far (16, 43, 59). In general, more unspecific symptoms like pain (frac = 0.87), fatigue (frac = 0.60) and headache (frac = 0.33), as well as a bigger spectrum of characteristics, point to the bigger variance of symptoms experienced in LOPD patients. This diversity is likely due to their more individual patient journeys (19, 51).



4.5. Limitations

A frequent limitation in rare disease studies are the small sample sizes, which challenge statistically significant findings. However, even so, we were still able to produce some statistically significant results, which is also due to our methodology, which enables the analysis of large datasets (350,116 EHRs) at once. In our methodology, we can only include patients who have at least visited secondary care. However, while this will bias the sampling, this is usually also where Pompe disease patients are identified, worked up and, hopefully, diagnosed. Furthermore, our AI can only assess what is documented, i.e., present in the EHRs. Compared to survey-based investigations, patients are not interviewed directly, and their subjective impressions are not recorded. However, while this will result in some loss of individual data granularity, retrospective data is readily available and does not suffer from recall nor memory bias.

Another potential limitation is that the data extraction for analysis was automated, which can result in some data loss or “machine” bias compared to the manual curation of data sets. However, at the same time, this standardized approach prevents the introduction of multiple biases, as multiple human agents curate data burdened by subjectivity. Also, this shows the potential for a scalable data analysis framework, which is a core requirement in any feasible solution to the rare disease conundrum. Furthermore, descriptive statistics and manual quality checks can mitigate inherent biases.

One limitation of this study remains the risk of producing false negatives. Due to the nature of a large-scale screening test, the number of “non-flagged” patients is overwhelming and a systematic manual review not feasible. However, the in-silico performance as well as prevalence based upon the results of the AI, which largely agrees with numbers reported in the scientific literature, suggest that a systematic error leading to potential false negatives is at least not obvious (14, 15).

Further, the AI was able to find all historically diagnosed patients, which suggests a highly sensitive screening. Additionally, to mitigate a subjective bias, the assessments were done in two iterative rounds. Firstly, with a team of well-instructed generalist physicians and then together with feedback from key opinion leaders for Pompe disease. There is a clear value in demonstrating the robustness of the AI as a screening tool by showing that “flagged” patients have medical histories that disease specialists agree with.

Lastly, the review of EHRs to validate the quality of suspicion of flagged patients was performed on anonymized data. The clinical workup is not part of this retrospective data analysis study, which leaves a gap in the final confirmation of Pompe disease patients. However, this study design was consciously chosen as to honor the four ethical principles of the ethics guidelines for Trustworthy AI3 released by the EU: “respect for human autonomy,” “prevention of harm,” “fairness,” “explicability.” Thus, only anonymous records were taken into account for this study, and a de-anonymization would be beyond the scope of this retrospective feasibility study. However, an agreement of disease specialists with the results provided by the AI, distinctly demonstrates its potential capacity as a rare disease screening tool.



4.6. Outlook

Our proposed approach is an automated process optimized to run in the background, thoroughly screening every single patient visiting the respective healthcare facility. The found screening efficiency, as well as phenotypical insights, are compelling outcomes for this methodology. Our AI-based approach inserts itself into the existing landscape of screening approaches by markedly improving upon targeted manual screenings. It perfectly complements NBS while showing its potential as a stand-alone resource-efficient alternative. In addition, the possibility for automated analysis of retrospective EHRs opens up a whole spectrum of different possibilities ranging from predictive analytics to deep phenotyping for precision medicine. Further investigations for also other rare and complex diseases, as well as the inclusion of a prospective clinical component, will be useful to reveal and proof the full potential of this approach.




5. Conclusion

This study shows how an AI-based approach analyzing retrospective EHRs results in resource-efficient identification and automated phenotyping of Pompe disease patients. Using this approach, we discovered novel insights into differentiating characteristics of suspected Pompe disease patients. We were further able to approximate the prevalence for Pompe disease for the region covered by the EHRs. Lastly, we showed the feasibility of implementing this approach into existing hospital workflows. Our results demonstrate the potential of a scalable solution enabling systematic identification of rare disease patients and phenotypes. Therefore, this methodology can potentially improve both the timing and accuracy of identifying rare disease patients. In this study, we highlight Pompe disease, a rare, progressively debilitating, but treatable neuromuscular disease. However, implementing this methodology for all rare diseases should be encouraged to ultimately lead to better care for all patients.



Data availability statement

The data analyzed in this study is subject to the following licenses/restrictions. The datasets analyzed during the current project are not publicly available due to legal agreements made with the providing institution. Aggregated data in the form of tables are available from the corresponding author on reasonable request and subject to institutional approval. Requests to access these datasets should be directed at: science@symptoma.com.



Author contributions

SL, JN, EA, and AM contributed to the conception and design of the study. SL, RW-O, SG, HM, VP, FL, and EA compiled the database and implemented the methodology. SL, HM, and AM performed the data analysis. SL wrote the first manuscript draft. SL, JN, and AM revised the manuscript critically. All authors contributed to the article and approved the submitted version.



Funding

This study received funding from Sanofi-Aventis GmbH. The funder was not involved in the study design, collection, analysis, interpretation of data, the writing of this article or the decision to submit it for publication.



Acknowledgments

We acknowledge contributions to the data preparation from Karolina Stelmaszek, Melanie Kaiser, and José Rodríguez, all of whom are current or past employees of Symptoma GmbH. We further thank Nicolas Munsch and Kathrin Blagec, both employees of Symptoma GmbH, for their contributions to revising the manuscript during the review process.



Conflict of interest

SL, JN, RW-O, SG, HM, and AM are current or past employees of Symptoma GmbH. JN holds shares of Symptoma.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fneur.2023.1108222/full#supplementary-material

SUPPLEMENTARY MATERIAL S1
 Results of the benchmarking study of Symptoma's AI for Pompe disease.



Footnotes

1http://www.symptoma.com

2Landeskliniken Salzburg (SALK) https://salk.at/.

3https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai



References

 1. Dong D, Chung RY-N, Chan RHW, Gong S, Xu RH. Why is misdiagnosis more likely among some people with rare diseases than others? Insights from a population-based cross-sectional study in China. Orphanet J Rare Dis. (2020) 15:307. doi: 10.1186/s13023-020-01587-2

 2. Graber ML. The incidence of diagnostic error in medicine. BMJ Qual Saf. (2013) 22:ii21–7. doi: 10.1136/bmjqs-2012-001615

 3. Orphan Drug Act Pub. L. No 97-414, 96 Stat. 2049 (1984 as amended). 

 4. Regulation (EC) No 141/2000 of the European Parliament o... - EUR-Lex. Available online at: https://eur-lex.europa.eu/legal-content/EN/LSU/?uri=celex%3A32000R0141 (accessed April 11, 2022). 

 5. FAQs About Rare Diseases | Genetic and Rare Diseases Information Center (GARD) - an NCATS Program. Available online at: https://rarediseases.info.nih.gov/about-ordr/pages/31/frequently-asked-questions (accessed April 11, 2022). 

 6. Kole A, Faurisson F. The Voice of 12,000 Patients. Paris: Eurodis (2009). 

 7. EURORDIS - The Voice of Rare Disease Patients in Europe - International Joint Recommendations to Address Specific Needs of Undiagnosed Rare Disease Patients. Available online at: https://www.eurordis.org/publication/international-joint-recommendations-address-specific-needs-undiagnosed-rare-disease-patients?platform=hootsuite (accessed April 11, 2022). 

 8. Lagler FB, Moder A, Rohrbach M, Hennermann J, Mengel E, Gökce S, et al. Extent, impact, and predictors of diagnostic delay in Pompe disease: a combined survey approach to unveil the diagnostic odyssey. JIMD Rep. (2019) 49:89–95. doi: 10.1002/jmd2.12062

 9. Guimarães MJ, Winck JC, Conde B, Mineiro A, Raposo M, Moita J, et al. Prevalence of late-onset Pompe disease in Portuguese patients with diaphragmatic paralysis - DIPPER study. Rev Port Pneumol. (2017) 23:208–15. doi: 10.1016/j.rppnen.2017.02.004

 10. Gutiérrez-Rivas E, Bautista J, Vílchez JJ, Muelas N, Díaz-Manera J, Illa I, et al. Targeted screening for the detection of Pompe disease in patients with unclassified limb-girdle muscular dystrophy or asymptomatic hyperCKemia using dried blood: a Spanish cohort. Neuromuscul Disord. (2015) 25:548–53. doi: 10.1016/j.nmd.2015.04.008

 11. Lukacs Z, Nieves Cobos P, Wenninger S, Willis TA, Guglieri M, Roberts M, et al. Prevalence of Pompe disease in 3,076 patients with hyperCKemia and limb-girdle muscular weakness. Neurology. (2016) 87:295–8. doi: 10.1212/WNL.0000000000002758

 12. Musumeci O, la Marca G, Spada M, Mondello S, Danesino C, Comi GP, et al. LOPED study: looking for an early diagnosis in a late-onset Pompe disease high-risk population. J Neurol Neurosurg Psychiatr. (2016) 87:5–11. doi: 10.1136/jnnp-2014-310164

 13. Tehrani KHN, Sakhaeyan E, Sakhaeyan E. Evaluation prevalence of Pompe disease in Iranian patients with myopathies of unknown etiology. Electron Physician. (2017) 9:4886–9. doi: 10.19082/4886

 14. Mechtler TP, Stary S, Metz TF, De Jesús VR, Greber-Platzer S, Pollak A, et al. Neonatal screening for lysosomal storage disorders: feasibility and incidence from a nationwide study in Austria. Lancet. (2012) 379:335–41. doi: 10.1016/S0140-6736(11)61266-X

 15. Park KS. Carrier frequency and predicted genetic prevalence of Pompe disease based on a general population database. Mol Genet Metab Rep. (2021) 27:100734. doi: 10.1016/j.ymgmr.2021.100734

 16. Löscher WN, Huemer M, Stulnig TM, Simschitz P, Iglseder S, Eggers C, et al. Pompe disease in Austria: clinical, genetic and epidemiological aspects. J Neurol. (2018) 265:159–64. doi: 10.1007/s00415-017-8686-6

 17. Schoser B, Laforêt P, Kruijshaar ME, Toscano A, van Doorn PA, van der Ploeg AT, et al. Minutes of the European pompe consortium (EPOC) meeting march 27 to 28, 2015, Munich, Germany. Acta Myol. (2015) 34:141–3.

 18. Viamonte MA, Filipp SL, Zaidi Z, Gurka MJ, Byrne BJ, Kang PB. Phenotypic implications of pathogenic variant types in Pompe disease. J Hum Genet. (2021) 66:1089–99. doi: 10.1038/s10038-021-00935-9

 19. Kroos M, Hoogeveen-Westerveld M, van der Ploeg A, Reuser AJJ. The genotype-phenotype correlation in Pompe disease. Am J Med Genet C Semin Med Genet. (2012) 160C:59–68. doi: 10.1002/ajmg.c.31318

 20. Richardson JS, Kemper AR, Grosse SD, Lam WKK, Rose AM, Ahmad A, et al. Health and economic outcomes of newborn screening for infantile-onset Pompe disease. Genet Med. (2021) 23:758–66. doi: 10.1038/s41436-020-01038-0

 21. Tang H, Feuchtbaum L, Sciortino S, Matteson J, Mathur D, Bishop T, et al. The first year experience of newborn screening for Pompe disease in California. Int J Neonatal Screen. (2020) 6:9. doi: 10.3390/ijns6010009

 22. Chiang S-C, Hwu W-L, Lee N-C, Hsu L-W, Chien Y-H. Algorithm for Pompe disease newborn screening: results from the Taiwan screening program. Mol Genet Metab. (2012) 106:281–6. doi: 10.1016/j.ymgme.2012.04.013

 23. Sawada T, Kido J, Sugawara K, Momosaki K, Yoshida S, Kojima-Ishii K, et al. Current status of newborn screening for Pompe disease in Japan. Orphanet J Rare Dis. (2021) 16:516. doi: 10.1186/s13023-021-02146-z

 24. Lilford RJ, Thornton JG, Braunholtz D. Clinical trials and rare diseases: a way out of a conundrum. BMJ. (1995) 311:1621–5. doi: 10.1136/bmj.311.7020.1621

 25. Rodwell C, Aymé S. Rare disease policies to improve care for patients in Europe. Biochim Biophys Acta. (2015) 1852:2329–35. doi: 10.1016/j.bbadis.2015.02.008

 26. Faviez C, Chen X, Garcelon N, Neuraz A, Knebelmann B, Salomon R, et al. Diagnosis support systems for rare diseases: a scoping review. Orphanet J Rare Dis. (2020) 15:94. doi: 10.1186/s13023-020-01374-z

 27. National Research Council (US) Institute Institute of Medicine (US) Board on Science T Aspden P. Barriers to Medical Innovation. National Academies Press (US). (2002). Available online at: https://www.ncbi.nlm.nih.gov/books/NBK220587/ (accessed July 26, 2022). 

 28. Schreiweis B, Pobiruchin M, Strotbaum V, Suleder J, Wiesner M, Bergh B. Barriers and facilitators to the implementation of eHealth services: systematic literature analysis. J Med Internet Res. (2019) 21:e14197. doi: 10.2196/14197

 29. Schaaf J, Boeker M, Ganslandt T, Haverkamp C, Hermann T, Kadioglu D, et al. Finding the needle in the hay stack: an open architecture to support diagnosis of undiagnosed patients. Stud Health Technol Inform. (2019) 264:1580–1. doi: 10.3233/SHTI190544

 30. Ronicke S, Hirsch MC, Türk E, Larionov K, Tientcheu D, Wagner AD. Can a decision support system accelerate rare disease diagnosis? Evaluating the potential impact of Ada DX in a retrospective study. Orphanet J Rare Dis. (2019) 14:69. doi: 10.1186/s13023-019-1040-6

 31. Cohen AM, Chamberlin S, Deloughery T, Nguyen M, Bedrick S, Meninger S, et al. Detecting rare diseases in electronic health records using machine learning and knowledge engineering: case study of acute hepatic porphyria. PLoS ONE. (2020) 15:e0235574. doi: 10.1371/journal.pone.0235574

 32. Shen F, Liu S, Wang Y, Wen A, Wang L, Liu H. Utilization of electronic medical records and biomedical literature to support the diagnosis of rare diseases using data fusion and collaborative filtering approaches. JMIR Med Inform. (2018) 6:e11301. doi: 10.2196/11301

 33. Jia J, Wang R, An Z, Guo Y, Ni X, Shi T, et al. A machine learning system to support phenotype-based rare disease diagnosis. Front Genet. (2018) 9:587. doi: 10.3389/fgene.2018.00587

 34. Henry S, Wang Y, Shen F, Uzuner O. The 2019 National Natural language processing (NLP) Clinical Challenges (n2c2)/Open Health NLP (OHNLP) shared task on clinical concept normalization for clinical records. J Am Med Inform Assoc. (2020) 27:1529–37. doi: 10.1093/jamia/ocab153

 35. Martin A, Nateqi J, Gruarin S, Munsch N, Abdarahmane I, Zobel M, et al. An artificial intelligence-based first-line defence against COVID-19: digitally screening citizens for risks via a chatbot. Sci Rep. (2020) 10:19012. doi: 10.1038/s41598-020-75912-x

 36. Munsch N, Martin A, Gruarin S, Nateqi J, Abdarahmane I, Weingartner-Ortner R, et al. Diagnostic accuracy of web-based COVID-19 symptom checkers: comparison study. J Med Internet Res. (2020) 22:e21299. doi: 10.2196/21299

 37. Nateqi J, Lin S, Krobath H, Gruarin S, Lutz T, Dvorak T, et al. [From symptom to diagnosis-symptom checkers re-evaluated : are symptom checkers finally sufficient and accurate to use? An update from the ENT perspective]. HNO. (2019) 67:334–42. doi: 10.1007/s00106-019-0666-y

 38. Remec ZI, Trebusak Podkrajsek K, Repic Lampret B, Kovac J, Groselj U, Tesovnik T, et al. Next-generation sequencing in newborn screening: a review of current state. Front Genet. (2021) 12:662254. doi: 10.3389/fgene.2021.662254

 39. de Wert G, Dondorp W, Clarke A, Dequeker EMC, Cordier C, Deans Z, et al. Opportunistic genomic screening. Recommendations of the European Society of Human Genetics. Eur J Hum Genet. (2021) 29:365–77. doi: 10.1038/s41431-020-00758-w

 40. Berg JS, Agrawal PB, Bailey DB, Beggs AH, Brenner SE, Brower AM, et al. Newborn sequencing in genomic medicine and public health. Pediatrics. (2017) 139:e20162252. doi: 10.1542/peds.2016-2252

 41. Reinstein E. Challenges of using next generation sequencing in newborn screening. Genet Res. (2015) 97:e21. doi: 10.1017/S0016672315000178

 42. Kishnani PS, Gibson JB, Gambello MJ, Hillman R, Stockton DW, Kronn D, et al. Clinical characteristics and genotypes in the ADVANCE baseline data set, a comprehensive cohort of US children and adolescents with Pompe disease. Genet Med. (2019) 21:2543–51. doi: 10.1038/s41436-019-0527-9

 43. Oba-Shinjo SM, da Silva R, Andrade FG, Palmer RE, Pomponio RJ, Ciociola KM, et al. Pompe disease in a Brazilian series: clinical and molecular analyses with identification of nine new mutations. J Neurol. (2009) 256:1881–90. doi: 10.1007/s00415-009-5219-y

 44. Turaça LT, de Faria DOS, Kyosen SO, Teixeira VD, Motta FL, Pessoa JG, et al. Novel GAA mutations in patients with Pompe disease. Gene. (2015) 561:124–31. doi: 10.1016/j.gene.2015.02.023

 45. Aung-Htut MT, Ham KA, Tchan MC, Fletcher S, Wilton SD. Novel mutations found in individuals with adult-onset Pompe disease. Genes. (2020) 11:135. doi: 10.3390/genes11020135

 46. Palmio J, Auranen M, Kiuru-Enari S, Löfberg M, Bodamer O, Udd B. Screening for late-onset Pompe disease in Finland. Neuromuscul Disord. (2014) 24:982–5. doi: 10.1016/j.nmd.2014.06.438

 47. Jastrzebska A, Potulska-Chromik A, Łusakowska A, Jastrzebski M, Lipowska M, Kierdaszuk B, et al. Screening for late-onset Pompe disease in Poland. Acta Neurol Scand. (2019) 140:239–43. doi: 10.1111/ane.13133

 48. Hansen JS, Pedersen EG, Gaist D, Bach FW, Vilholm OJ, Sandal B, et al. Screening for late-onset Pompe disease in western Denmark. Acta Neurol Scand. (2018) 137:85–90. doi: 10.1111/ane.12811

 49. Standorte - Salzburger Landeskliniken (SALK). Available online at: https://salk.at/standorte.html (accessed June 12, 2022). 

 50. Ünver O, Hacifazlioglu NE, Karatoprak E, Güneş AS, Sager G, Kutlubay B, et al. The frequency of late-onset Pompe disease in pediatric patients with limb-girdle muscle weakness and nonspecific hyperCKemia: a multicenter study. Neuromuscul Disord. (2016) 26:796–800. doi: 10.1016/j.nmd.2016.09.001

 51. Herzog A, Hartung R, Reuser AJJ, Hermanns P, Runz H, Karabul N, et al. A cross-sectional single-centre study on the spectrum of Pompe disease, German patients: molecular analysis of the GAA gene, manifestation and genotype-phenotype correlations. Orphanet J Rare Dis. (2012) 7:35. doi: 10.1186/1750-1172-7-35

 52. Korpela MP, Paetau A, Löfberg MI, Timonen MH, Lamminen AE, Kiuru-Enari SMK, et al. novel mutation of the GAA gene in a Finnish late-onset Pompe disease patient: clinical phenotype and follow-up with enzyme replacement therapy. Muscle Nerve. (2009) 40:143–8. doi: 10.1002/mus.21291

 53. Semplicini C, Letard P, De Antonio M, Taouagh N, Perniconi B, Bouhour F, et al. Late-onset Pompe disease in France: molecular features and epidemiology from a nationwide study. J Inherit Metab Dis. (2018) 41:937–46. doi: 10.1007/s10545-018-0243-7

 54. Palmer RE, Amartino HM, Niizawa G, Blanco M, Pomponio RJ, Chamoles NA. Pompe disease (glycogen storage disease type II) in Argentineans: clinical manifestations and identification of 9 novel mutations. Neuromuscul Disord. (2007) 17:16–22. doi: 10.1016/j.nmd.2006.09.004

 55. Kroos MA, Pomponio RJ, Hagemans ML, Keulemans JLM, Phipps M, DeRiso M, et al. Broad spectrum of Pompe disease in patients with the same c-32-13T->G haplotype. Neurology. (2007) 68:110–5. doi: 10.1212/01.wnl.0000252798.25690.76

 56. Fuller DD, Trejo-Lopez JA, Yachnis AT, Sunshine MD, Rana S, Bindi VE, et al. Case studies in neuroscience: neuropathology and diaphragm dysfunction in ventilatory failure from late-onset Pompe disease. J Neurophysiol. (2021) 126:351–60. doi: 10.1152/jn.00190.2021

 57. Rairikar MV, Case LE, Bailey LA, Kazi ZB, Desai AK, Berrier KL, et al. Insight into the phenotype of infants with Pompe disease identified by newborn screening with the common c-32-13T>G “late-onset” GAA variant. Mol Genet Metab. (2017) 122:99–107. doi: 10.1016/j.ymgme.2017.09.008

 58. Werte Ziele und Vision - - Salzburger Landeskliniken (SALK). Available online at: https://salk.at/25029.html (accessed May 31, 2022). 

 59. van der Beek NAME, de Vries JM, Hagemans MLC, Hop WCJ, Kroos MA, Wokke JHJ, et al. Clinical features and predictors for disease natural progression in adults with Pompe disease: a nationwide prospective observational study. Orphanet J Rare Dis. (2012) 7:88. doi: 10.1186/1750-1172-7-88





OPS/images/fneur-14-1108222-g005.gif
Hyopathy |
usci Weskaess
yatgia
Scapuia Aot
musce Hypotoni
corgomegaty |
Fustre Abnormal
Faigue-
uscie Cromp
cargomyopathy
Lo Venriculr Hyperoohy-

-ider than 1 (n=15)
Yocymmpertard)

Wby impairmert
Opspnea

Fyphosis

Koy Asnomal
Aonormai Gat.

Bk pain

Detoyed Miesone:
Low ock Poin

s—

Hepatomegaty *

Osteoparosis
P
Headache
uciecass

ot isuticency

Spienamesaly-
Scotois Mm—

”1""'”""'[

Symptom frequency within each set






OPS/images/fneur-14-1108222-t001.jpg
bel

Expla

Diagnosed Medical review found a documented diagnosis for the
target disease

Suspected Medical review found supporting clinical evidence for
the target disease

Reduced suspicion | Medical review found conflicting clinical evidence for
the target disease

Rejected This patient will be rejected due to the medical review

result overriding the AI result






OPS/images/fneur-14-1108222-g003.gif





OPS/images/fneur-14-1108222-g004.gif
e

i ypetonis | 210

e 3158

b romp -

1579

17

536

526

Vingea scaps |

ative -

—

Crsomopotny -

log 0dds.

-





OPS/images/fneur-14-1108222-t004.jpg
Durationin  Number of clinics Number of manually Number of = Number of Study

months screened patients suspected confirmed
patients patients
Austria 1.00 5.00 104.00 19.00 n/a Current study
Italy 14.00 17.00 1,051.00 30.00 17.00 (12)
Spain 28.00 7.00 348.00 20.00 16.00 (10)
Turkey 12.00 4.00 98.00 6.00 3.00 (50)
Iran 12.00 1.00 93.00 5.00 3.00 (13)
Portugal 24.00 9.00 18.00 16.00 5.00 ©
Germany, Great Britain 60.00 7.00 3,076.00 232.00 74.00 1
Average of other studies 25.00 7.50 780.67 51.50 19.67
Number needed to Number needed Discovered Discovered patients
screen—suspected  to screen— patients per per month—clinic
confirmed month—overall

547 n/a 104.00 20.80 Current study
35.03 176 75.07 442 (12)
17.40 125 1243 178 (10)
16.33 2.00 8.17 2.04 (50)
18.60 167 7.75 7.75 13)
113 320 075 0.08 ©
1326 314 51.27 732 1
16.96 217 25.91 3.90 Average of other studies

The italic values indicate the arithmetic averages of the respective column calculated from all studies listed in this table other than the current study.





OPS/images/fneur-14-1108222-t002.jpg
bel

Expl:

Definite The targeted disease is the top differential diagnosis for the given
case

Probable The targeted disease is in the top 10 of differential diagnoses for
the given case

Possible The targeted disease cannot be rejected as a differential diagnosis
for the given case

Inconclusive | There isa lack of apparent evidence speaking for or against the
targeted disease as differential diagnosis for the given case

Unlikely The targeted disease is not among the differential diagnoses for

the given case






OPS/images/fneur-14-1108222-t003.jpg
1. Entries on allergies

2. Anamnesis/patient history

3. Discharge letter

4. Specialist findings

5. Entries on departments visited and case ID

6. Doctor’s notes

7.1CD—codes

8. Procedure codes

9. Vitals and other measurements

10. Laboratory result values

11. List of medications

12. Surgical reports

13. Administrative patient profile

14. Nurses’ notes

15. Radiology reports

16. Entries on social habits/risk factors

17. Wound reports






OPS/xhtml/Nav.xhtml




Contents





		Cover



		An artificial intelligence-based approach for identifying rare disease patients using retrospective electronic health records applied for Pompe disease



		1. Introduction



		2. Materials and methods



		2.1. Artificial intelligence



		2.2. Evaluation



		2.3. Data preparation



		2.4. Statistical analysis







		3. Results



		3.1. Number needed to screen



		3.2. Patient characteristics



		3.3. Principal component analysis



		3.4. Co-occurrence analysis



		3.5. Phenotypes







		4. Discussion



		4.1. Screening efficiency



		4.2. Differentiating characteristics



		4.3. Phenotypical insights



		4.4. Established phenotypes



		4.5. Limitations



		4.6. Outlook







		5. Conclusion



		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		Supplementary material



		Footnotes



		References

















OPS/images/cover.jpg
’ frontiers ‘ Frontiers in Neurology

An artificial intelligence-based
approach for identifying rare
disease patients using
retrospective electronic health
records applied for Pompe
disease





OPS/images/fneur-14-1108222-g001.gif





OPS/images/fneur-14-1108222-g002.gif
- 0e19)

e ——L |
st o
protes
P _————1
syt
P — =
[t
e
Muscie Cramp I
Cordiomyopothy =
Lot venticular yperrophy P
Mobiity impoiement [
Oppres I ——
A
e
Jrovtiretd—
<oy o Jm
Pt -—mi—
Detayed milestone JIF-
Lo ock i
A — e
Ot —
e mptmert —
estoni s e
oncopmes lr—
oin
et

[r—

i ——

cotoss —

[rT—————
pvesa—

Py

Symptom frequency within sach set









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Neurology





