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ABSTRACT

Background: Growth hormone (GH) therapy has revolutionized the
management of short stature in children, offering improved growth outcomes
for those with GH deficiency and other related conditions. This thesis focuses
on optimizing GH therapy through predictive tools and advanced machine
learning models, with an emphasis on individualizing care to enhance patient
outcomes and cost-effectiveness.

Studies summaries: Study 1 evaluated the Gothenburg prediction model,
which accurately identified poor responders to GH therapy, reducing the
likelihood of unnecessary treatment. In contrast to a Nordic study, where 28%
of children with GH deficiency failed to achieve a sufficient growth response
on treatment, 98% of patients selected using the Gothenburg model achieved
adequate growth outcomes with GH therapy. Study 2 compared the
Gothenburg and KIGS (Pfizer International Growth Database) prediction
models, both of which demonstrated exceptional accuracy in predicting first-
year growth (r = 0.99 for both models). This comparison highlighted the
flexibility of clinical choice, as either model could effectively guide GH
therapy planning.

Insulin-like growth factor 1 (IGF-1) is a potential biomarker that reflects the
body’s response to GH. Study 3 explored the complexities of IGF-1
interpretation during GH therapy, particularly in early puberty, where
discrepancies between clinical pubertal characteristics and biochemical
hormone levels led to overestimated IGF-1 standard deviation scores (SDS).
This study underscored the need for improved tools to enhance IGF-1
interpretation for better clinical decision-making.



Study 4 introduced machine learning approaches to predict IGF-1 SDS and
optimize GH dosing strategies. Symbolic regression emerged as a powerful
tool, providing accurate predictions with minimal input variables, while
Explainable Boosting Machine (EBM) excelled in identifying complex feature
relationships. These models not only predicted IGF-1 SDS with high accuracy
(R>=10.47 - 0.51) but also demonstrated clinical applicability by balancing
precision with interpretability.

Conclusion: This thesis establishes a strong foundation for incorporating
predictive models into routine clinical practice, facilitating more personalized
and effective GH therapies. By utilizing advanced technologies and addressing
key clinical challenges, this work contributes to optimizing treatment
strategies, improving patient outcomes, and advancing precision healthcare.

Keywords: Explainable Boosting Machine, Growth Hormone, Growth
Hormone Therapy, Insulin-like Growth Factor 1, Machine Learning,
Prediction Models, Sex Steroids, Symbolic Regression.
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SAMMANFATTNING PA SVENSKA

BAKGRUND

Barn med tillvaxthormonbrist riskerar att bli kortvuxna, och tillvixthormon-
behandling &r en central del av pediatrisk endokrinologi for att hjilpa dessa
barn att na sin fulla tillvaxtpotential. Det dr dock en utmaning att identifiera
vilka barn som verkligen behover behandling, eftersom det kan vara svart att
stilla en korrekt diagnos. Svér tillvixthormonbrist &r relativt enkel att
diagnosticera, men mildare former kan vara betydligt svarare att identifiera.
Idag saknas en standardiserad metod for diagnostik, vilket gor att bedomningen
istéllet baseras pé en helhetsvirdering av flera undersokningar- en process som
ofta dr subjektiv.

Utover diagnostiken ar korrekt dosering av tillvixthormon en stor utmaning.
Barns kénslighet for behandlingen varierar, och fel dosering kan ha
konsekvenser — for hdga doser innebar risker, medan for ldga doser ger
otillracklig tillvdxt. I denna avhandling undersdks hur prediktionsmodeller,
artificiell intelligens (Al) och maskininldrning kan optimera behandlingen for
barn som far tillvixthormon.

RESULTAT

De tva forsta studierna fokuserade pa att identifiera de barn som har storst nytta
av tillvixthormonbehandling. Prediktionsmodeller, det vill sdga matematiska
verktyg som kan fOrutsdga tillvixtrespons innan behandlingen paborjas,
utvirderades. Resultaten visade att dessa modeller fungerar vl i klinisk praxis
och kan vara vérdefulla verktyg for att identifiera rétt patienter. Genom att
anvénda prediktionsmodeller kan man undvika onddig behandling for bam
som sannolikt inte kommer att svara pa behandlingen, vilket samtidigt bidrar
till en mer kostnadseffektiv vard.

Nar rétt barn har identifierats blir ndsta utmaning att dosera tillvixthormon
korrekt. Den senare delen av avhandlingen fokuserade pa att anvinda modern
teknik, som Al och maskininldrning, for att optimera doseringen. Ett viktigt
verktyg for att utvirdera rétt dos ar att méta nivderna av insulin-like growth
factor 1 (IGF-1), ett protein som teoretiskt speglar effekten av tillvixthormon.
Dock péverkas IGF-1 nivder av flera faktorer, sdsom alder, kon,
konshormoner, néringsstatus och inflammation, vilket gor tolkningen
komplex. Studier pd vuxna har visat att 1dga nivaer av IGF-1 &r kopplade till
oOkad risk for hjartkarlsjukdom, medan hdga nivaer ar associerade med en dkad



risk for vissa cancerformer. Behandlingsmalet &r dérfor att halla IGF-1
nivderna inom normalintervallet for friska barn.

For att uppnd detta anvindes maskininldarningsmodeller sasom Symbolic
Regression och Explainable Boosting Machine (EBM) for att forutsdga IGF-
I-nivder hos barn som behandlas med tillvixthormon. Dessa modeller
mdjliggdr en individanpassad dosering baserad pa det dnskade IGF-1 svaret,
vilket sékerstéller en mer exakt och séker behandling for varje barn.

SLUTSATS

Denna avhandling ldgger grunden for en mer individanpassad vérd och visar
hur avancerad teknologi kan integreras i klinisk praxis for att forbéttra
resultaten for barn med tillvixthormonbehandling. Prediktionsmodeller och
maskininldring har potential att forbéttra badde diagnostik och behandling,
vilket kan leda till béttre tillvaxtresultat och dkad sdkerhet for patienterna.
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1 INTRODUCTION

1.1 HISTORY

The origins of endocrinology trace back to 1849, when Adolph Berthold of
Gottingen introduced the concept of internal secretions. He observed that
transplanting the testis of a rooster to a different part of its body prevented
atrophy of the comb, establishing a foundational principle in the field (1).

June 1, 1889, 72-year-old Brown-Séquard presented his self-experimentation
in Paris. Over two weeks, he injected himself with testicular fluid daily and
claimed rejuvenation, suggesting that the testes produce a substance, then
referred to as dynamogenic, that could be extracted and used to restore vitality
in aging organisms (2).

Investigations into the role of the pituitary gland were initiated through clinical
studies and also anatomical analyses of individuals with gigantism and adults
displaying acromegalic characteristics. Frietsche, a Swiss physician, provided
in 1884 the earliest detailed clinical description of a 44-year-old male
presenting with features characteristic of acromegaly, including enlarged
hands and feet, coarse facial characteristics, and prominent jaw. These features
were later described with the term acromegaly as per Pierre Marie in 1886 (3).

In 1909, American neurosurgeon Cushing carried out a transsphenoidal
procedure on a farmer from South Dakota with acromegaly, who subsequently
lived for at least 21 more years. Cushing later introduced the term growth
hormone, hereafter referred to as GH, and advocated for further research to
identify specific pituitary hormones (4).

A landmark study influencing the development of GH therapy was conducted
by Evans and Long in 1922. A substance from the anterior lobe of oxen
pituitaries was extracted and injected into rats, effectively demonstrating its
growth-stimulating properties (5).

Houssay and Biassotti advanced understanding of the metabolic roles of
pituitary hormones by demonstrating that diabetic dogs experienced a
reduction in blood sugar levels following pituitary removal in 1930 (6). For
years thereafter, there was debate over whether the regulation of carbohydrate
metabolism and the diabetogenic effect involved multiple pituitary factors. By
the 1950s, consensus emerged that these effects were attributable to a single
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substance—growth hormone. Extensive research by Houssay on the pituitary
gland and carbohydrate metabolism earned the Nobel Prize in 1947.

In the meantime, Li and Evans at the University of California, Berkeley,
achieved the first successful isolation of bovine GH in 1944 (7). Their team
later purified human GH and characterized its primary structure as a protein
consisting of 191 amino acids with two disulfide bonds. In 1969, they
successfully achieved the first chemical synthesis of human GH (8). The
purification and optimization of human GH marked the beginning of a new era
in therapeutic use. A 1958 report by Raben is often cited as the first
documented case demonstrating a highly favorable growth response to GH
extracted from human pituitaries in a boy with GH deficiency (9). Westphal
published methodological studies in the 1960s on measuring human GH and
its clinical applications in diagnosing and evaluating human GH levels in
various patient populations (10).

Following the success of pituitary-derived GH therapy, the demand for human
pituitaries surged. In response, the National Pituitary Agency (NPA) was
established in 1960 in the U.S. to oversee the collection, purification, and
distribution of GH. Between 1963 and 1985, the NPA facilitated treatment for
approximately 7,700 children in the U.S. and 27,000 globally with GH
deficiency (11).

The scarcity of pituitary-derived GH significantly hindered progress in the
field until 1979, when the biotechnology company Genentech successfully
inserted the human GH gene into bacteria; enabling the production of
recombinant GH (12). Large-scale manufacturing of recombinant GH began in
1985, coinciding with the abrupt discontinuation of pituitary-derived GH
therapy after several patients were diagnosed with Creutzfeldt-Jakob disease.
Fortunately, the development of recombinant human GH came at an opportune
time, offering a safe, uncontaminated product combined with potential for
unlimited supply.

See the history timeline summarized in Figure 1.
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1849 1886 Pierre 1922 Evans 1947 Houssay 1960 1969 Li 1985 first
Berthold Marie and Long wins the Nobel ~ National identifies full ~Creutzfeldt-
introduces the introduces identify Prize for work on Pituitary ~ amino acid Jakob
concept of the term growth- pituitary and Agency sequence of cases linked
internal Achromegaly stimulating  carbohydrate established human to pituitary-
secretions properties in  metabolism growth derived
the anterior hormone growth
lobe hormone
1889 Brown- 1909 Cushing 1944 Liand 1958 Raben 1979 1985
Séquard performs first Evans isolate demonstrates the Genentech  recombinant
claims transphenoidal bovine growth effectiveness of inserts the  growth
rejuvenation surgery on hormone human GH in human hormone
via testicular achromegaly promoting growth growth manufacturing
fluid injections hormone
gene into
bacteria

Figure 1. History Timeline for Growth Hormone. Created with
BioRender.com.

1.2 GROWTH HORMONE

1.2.1 HYPOTHALAMUS AND PITUITARY

The pituitary gland, or hypophysis, consists of the anterior lobe (the
adenohypophysis) and the posterior lobe (the neurohypophysis) and is situated
at the base of the brain within a cavity of the sphenoid bone, a butterfly-shaped
bone at the base of the skull. This cavity is known as the sella turcica and
provides a protective enclosure for the pituitary gland. The hypophysis
interacts closely with hypothalamus at the base of the brain, a neural structure
that plays a crucial role in maintaining homeostasis by integrating signals from
the periphery with signals from other brain regions and relaying them to the
pituitary gland and autonomic nervous system.

Natural GH secretory pulses, result from the interaction of regulatory peptides,
primarily the hypothalamic peptides growth hormone-releasing hormone
(GHRH) and somatostatin (13).
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From the arcuate nucleus of the hypothalamus, GHRH is released to stimulate
the production of GH in the pituitary. Interestingly, GHRH was initially
isolated not from human hypothalamic tissue but from non-hypothalamic
pancreatic tumor cells in individuals with acromegaly (14). Somatostatin, also
produced by hypothalamic neurons, serves as an inhibitory regulator of GH
secretion while also suppressing thyroid-stimulating hormone (TSH) and
prolactin release (15). Once released, somatostatin travels through the
hypothalamo-portal vascular system to the anterior pituitary, where it
suppresses GH secretion by targeting somatotroph cells. At this site, its
inhibitory role outweighs the stimulatory effects of GHRH on GH release (16).
Furthermore, GH regulation operates through a classic negative feedback loop,
wherein increased concentrations of GH and insulin-like growth factor-1
(IGF-1) trigger somatostatin-producing neurons to enhance somatostatin
secretion and activity, thereby reducing GH production.

1.2.2 ISOFORMS AND SECRETION MECHANISMS

GH is present in multiple isoforms, with the 22 kiloDalton (kDa) variant being
the most prevalent, accounting for approximately 50% of circulating GH. This
primary isoform, composed of 191 amino acids and organized into a
three-dimensional fold of a four-helix bundle protein, is the main form
responsible for promoting growth. The second most abundant isoform, the 20
kDa variant, constitutes 5-10% of circulating GH. This smaller form,
consisting of 176 amino acids, exhibits reduced growth-promoting activity
compared to the 22 kDa isoform (17). Some conditions such as Turner
syndrome are found to have more non-22 kDa isoforms diminishing the effect
on the GH-receptor (18).

GH is released from the somatotroph cells in the anterior lobe in a distinctive
pulsatile pattern with intermittent bursts of hormone release rather than a
continuous steady flow throughout the day. The majority of pulses occur
during the first few hours of nocturnal sleep, particularly during slow-wave
deep sleep. The pulsatile pattern, established during infancy after the infant
develops diurnal sleep, is characterized by episodes of increased GH secretion
interspersed with periods of baseline levels of secretion which seems to be
required for optimal intracellular signaling (19). This rhythmic release allows
the body to respond dynamically to changing internal and external stimuli,
ensuring that the GH is released in appropriate amount and at the right times
to support various physiological functions.
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The pulsatile secretion is orchestrated by a complex interplay between signals
from the hypothalamus and the pituitary gland. The regulation involves both
stimulatory signals through GHRH, ghrelin and inhibitory signals via
somatostatin (20). See Figure 2. GHRH appears to play a significant role, as
nighttime GH secretion decreases following the administration of GHRH
antagonists (21). Ghrelin, a peptide mostly produced in the gastrointestinal
tract, acts on the pituitary and hypothalamus by modulating activity through
the vagus nerve and stimulates the secretion of GH acting via GHRH from the
hypothalamus, which activates somatotroph cells in the pituitary gland to
secrete GH (22). GH acts on the liver to stimulate IGF-1 production and
promotes bone growth directly on chondrocyte progenitor cells (23).

Ghrelin
Stomach/ =
Somatostatin —(-
+ )
Free
fatty acids 7
Leptins

= O /
QOO | _
QO J B s
OO > Bone . (

Adipocytes

Figure 2. The regulatory network of growth hormone secretion and its
effects. Positive and negative regulatory interactions are denoted by
"+"and "-", respectively. Created with BioRender.com.
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It was previously believed that GH acted exclusively through IGF-1, as
described by the somatomedin hypothesis. However, Isaksson challenged this
by demonstrating that local GH injections in hypophysectomized rats
stimulated longitudinal bone growth directly (23). See Figure 3.

GH

~

NaCl

Figure 3. Mouse experiment done by Isaksson et al. showing the direct
effect of growth hormone on longitudinal bone growth. Created with
BioRender.com.

Adipocytes suppress GH secretion through leptin-mediated stimulation of
somatostatin release and direct inhibition by free fatty acids on somatotroph
cells (24). In addition to somatostatin, the pulsatile secretion of GH is regulated
by inhibitory factors such as feedback suppression by GH and IGF-1 at the
level of the hypothalamus and pituitary gland. Elevated blood glucose level
can also inhibit GH release, although the underlying mechanisms are not yet
fully understood.

Furthermore, emerging evidence suggests that insulin delivered to the liver via
the portal system may enhance the liver’s sensitivity to GH, facilitating IGF-1
production (25, 26). During fasting, reduced insulin levels in the liver decrease
its responsiveness to GH, resulting in lower IGF-1 levels despite compensatory
increases in GH secretion. A recent review by Yuen et al. (27) emphasized the
critical role of portal insulin delivery in regulating the GH/IGF-1 axis by
affecting hepatic GH receptor synthesis, thereby altering GH sensitivity and
IGF-1 production. They underscored the importance of interpreting GH and
IGF-1 levels in conditions where insulin levels are either elevated
(e.g., obesity, Cushing’s syndrome, or glucocorticoid treatment) or reduced
(e.g., malnutrition, type 1 diabetes), as these changes can disrupt hepatic GH
sensitivity and lead to a misalignment in the GH/IGF-1 axis.
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1.2.3 GROWTH HORMONE SIGNALING

GH acts by binding to the growth hormone receptor (GHR) on the cell surface,
triggering an intracellular signaling cascade. The GHR is composed of three
main regions: an extracellular domain of 246 amino acids, a 24-amino acid
helical transmembrane segment, and an intracellular domain of 350 amino
acids. The close-up structure of the GH and its receptor from De Vos et al. can
be seen in Figure 4 with two binding sites (28). The GHR exists primarily as a
dimer, stabilized by interactions between its transmembrane helices (29).
While GHRs are most abundantly expressed on hepatocytes, they are also
present on various other cell types throughout the body.

Figure 4. Close-up of growth hormone (space filling model) and
receptor (stick model) with two binding sites in A and B. Adapted
with permission from De Vos, Published in Science 1992:306-12.
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Upon GH binding to the GHR, conformational changes occur, activating
intracellular signaling pathways, primarily the Janus kinase (JAK)-signal
transducer and activator of transcription (STAT) pathway. Specifically, GH
first binds site 1 to one receptor ligand, then binding site 2 to the other ligand
causing a dimerization of the receptor (30), this brings the two JAK2 molecules
into close proximity allowing a transphosphorylation to occur thus activating
JAK2. This leads to the phosphorylation of specific tyrosine residues on the
intracellular domain of GHR. These phosphorylated residues create docking
sites for signaling molecules, triggering the activation of STAT proteins,
particularly STATSb. STAT5b dimerizes and translocate from the cytoplasm
to the nucleus, where it initiates the transcription of target genes, including
IGF-1, IGF-2, IGFBP-3, and ALS, which play key roles in mediating the
effects of growth hormone (31, 32). See Figure 5.

Blood

STATSB STATSB
P

Nucleus

DAV

Gene
expression

IGF-1 or IGF-2 IGFBP3 ALS
Ternary complex

Figure 5. Growth hormone binding to the receptor leading to activation
of Janus kinase 2 (JAK2) and signal transducer and activator of
transcription 5B (STAT5B), which promotes the expression of genes
encoding e.g. insulin-like growth factors 1 and 2 (IGF-1 and 2), IGF-
binding protein 3 (IGFBP3), and the acid labile subunit (ALS). These
components _form the ternary complex that enters the circulation.
Created with BioRender.com.
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In addition to the JAK-STAT pathway, GH also activates other signaling
pathways, including the mitogen-activated protein kinase (MAPK)-
extracellular signal-regulated kinase (ERK) pathway. This pathway
contributes to broader cellular responses related to development and growth
(33). The extracellular domain of the GHR can be cleaved and released into
the bloodstream as growth hormone binding protein (GHBP). GHBP binds
approximately half of the circulating GH, extending its half-life. However, its
precise physiological role remains incompletely understood (34).

1.3 INSULIN-LIKE GROWTH FACTOR 1

IGF-1 functions in autocrine, paracrine, and endocrine manners and is
expressed in various tissues, including muscle, fat and the growth plate, where
a key role is played in growth, metabolic effects, and cellular repair (35).
Additionally, IGF-1 also influences aging, cancer, insulin sensitivity, and
cardiovascular health (36). IGF-1 is a single-chain polypeptide composed of
70 amino acids, stabilized by three disulfide bridges. A complete amino acid
sequence was first identified in 1978 by Rinderknecht and Humbel (37). The
structure of IGF-1 is similar to insulin, sharing 43% of its amino acid sequence
with human proinsulin. Both peptides can trigger metabolic and growth-
promoting effects through their specific receptors, which share structural and
functional similarities (38). Despite their structural resemblance, binding
remains specific to their respective receptors. Soos and Siddle found that the
shared functional effects are likely due to hybrid receptors in certain cells, such
as myocytes, which consist of one half insulin receptor polypeptide and one
half IGF-1 receptor polypeptide (39). IGF-1 and insulin both can activate
overlapping signaling pathways like the Phosphoinositide 3-kinase-Proteine
Kinas B (PI3K-AKT) for regulating various biological processes, including
cell survival, metabolism, growth, and migration, and the MAPK/ERK
pathway for growth and proliferation.

IGF-1 is bound to a family of six specific IGF binding proteins (IGFBP) in
extracellular fluid. The IGFBPs are labeled 1 to 6 with its own characteristics
(40). Approximately 75% of IGF-1 is bound to IGFBP-3 in ternary complexes
with acid-labile subunit (ALS), which stabilizes IGF-1 and facilitates its
transport across body compartments. The production and formation of all three
units in the liver is induced by the pulsatile action of GH as previously
mentioned.
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The activity of IGF-1 relies on the modification of IGFBP-3, which releases
free IGF-1 to bind to the receptor. Modifications, such as glycosylation or
phosphorylation of IGFBP-3, enhances its binding to IGFs, while proteolysis,
dephosphorylation, or deglycosylation reduce IGF binding (41). The cleavage
of IGFBP-3 is mainly by the specific protease pregnancy-associated plasma
protein (PAPP-A2) (42) while modification of protease activity is through
stanniocalcin (STC). IGFBPs can also interact with other cellular structures,
which decreases affinity for bound IGF-1 making it more readily available
(43).

1.3.1 NUTRITION AND INFLAMMATION

A caloric or protein-restricted diet has been shown to decrease IGF-1 levels in
both children and adults (44). Fasting significantly reduces IGF-1 levels, as
shown by Isley et al. a 36% decrease after five days of fasting, which partially
recovers with refeeding (45). Both proteins and energy are critical for IGF-1
levels. IGFBP-3 or its proteolytic activity does not, conversely, seem to be
affected by caloric restrictions, which may explain the theory that the
decreased IGF-1 during fasting is caused by a lower production of IGF-1 rather
than dependent on IGFBP-3 activity (44).

While obese adults generally show decreased GH secretion and low to
low-normal total IGF-1 levels, obese children often display normal, or even
clevated, IGF-1 levels as reviewed by A Juul (46). The largest study reviewed
reported IGF-1 and IGFBP-3 levels increased by +0.41 SDS and +1.61 SDS,
respectively, in obese children (47).

Patients with untreated inflammatory disease like coeliac disease and Crohn’s
disease show lower IGF-1 and IGFBP-3 levels probably due to malnutrition
and inflammation (48, 49).

1.3.2 IGF-1 AND PUBERTY

Extensive research has shown that during childhood, serum levels gradually
increase from low levels at birth, with no significant differences between boys
and girls in larger healthy cohorts. Juul et al. showed that IGF-1 levels typically
rise throughout childhood, with a sharp increase during puberty, peaking at
around 14.5 years in girls and 15.5 years in boys (50).

IGF-1 correlates with height velocity in prepubertal children, but not in
pubertal children as a decline in height velocity in late puberty showed a
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remaining elevation of IGF-1 (50-53). IGF-1 levels gradually decline with age
in adults (50, 54). In cases of precocious puberty, IGF-1 and IGFBP-3 levels
are elevated and correlate with growth rate in both boys and girls (55, 56).

The pubertal increase in IGF-1 and IGFBP-3 is driven by elevated GH
secretion, which is stimulated by sex steroids (57, 58). Administered estradiol,
in particular, plays a key role in GH stimulation but has a biphasic effect on
IGF-1, where higher doses have been shown to reduce IGF-1 levels (59).
Administration of exogenous androgens in boys with delayed sexual
maturation increases IGF-1 concentrations by enhancing the pulse amplitude
of GH secretion, without altering pulse frequency (60). However, studies in
men have shown decreased GH secretion with the use of estrogen receptor
blockers but not androgen receptor blockers, again highlighting the critical role
of estrogen (61, 62). Additionally, in prepubertal boys treated with
dihydrotestosterone, which cannot be aromatized to estrogen, IGF-1 levels did
not increase but instead decreased (63). These findings suggest that the
aromatization of androgens to estrogen is essential for the rise in GH and
IGF-1 levels during puberty in males.

In addition to the effects mentioned above, estradiol also promotes growth
independently of GH and its receptor. Venken et al. demonstrated in GHR-
disrupted mice that estradiol stimulates longitudinal bone growth by increasing
hepatic IGF-1 production (64).

1.3.3 IGF-1 ASSAYS AND REFERENCE RANGES

A significant challenge in the clinical use of IGF-1 measurements is the
substantial variability in results produced by different assays (65). A consensus
established guidelines for assay validation and the development of robust
normative data in order to address this challenge (66). The use of recombinant
international Standard 02/254 (67) for all assays is recommended and
emphasizes the need for IGF-1 assays to be insensitive to interference from
IGFBPs.

The correct interpretation of IGF-1 levels requires reliable reference ranges.
Several authors have published reference data adjusted for age and sex derived
from large cohorts of children, adolescents, or adults, utilizing various
immunoassay techniques (50, 52, 68).

Reference ranges including gender, age, and pubertal status are recommended
(69). Lofqvist et al. developed a model that simultaneously relates serum
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IGF-1 levels to age, pubertal stage, and gender in children. This model is the
first to accurately convert serum IGF-1 concentrations into SDS from infancy
to adulthood (53).

When diagnosing GHD, Inoue-Lima et al. demonstrated that IGF-1 reference
ranges adjusted for pubertal stage provided the highest positive predictive
value compared to reference ranges based solely on chronological age or bone
age (70).

1.3.4 IGF-1 AND SAFETY

Both elevated IGF-1 levels, as seen in acromegalic patients (71), and low
IGF-1 levels, as in adults with GHD, are associated with increased mortality
(72). Major meta-analysis by Burgers et al., including 14,906 participants,
found a non-linear relationship between IGF-1 levels and mortality, with both
high and low levels linked to an elevated risk of all-cause mortality (73).
Epidemiological studies in adults have demonstrated an association between
IGF-1 levels within the top quartile of the normal reference range and an
increased risk of colorectal, breast, and prostate cancer (74). A nested case-
control study also found that individuals with low IGF-1 levels and high
IGFBP-3 levels faced a significantly increased risk of developing ischemic
heart disease over a 15-year period (75).

The mechanisms underlying the relationship between serum IGF-1 levels and
the risks for cancer and ischaemic heart disease remain unclear. Confounding
factors may contribute but are challenging to exclude. It is important to note
that the studies mentioned above are epidemiological studies conducted in
adults, and their relevance or applicability to children remains uncertain,
highlighting the need for further evaluation of IGF-1 levels in pediatric
populations, particularly when assessing safety in GH therapy.

The assessment of bioactive IGF-1 levels offers additional insights, especially
in cases like short patients born small for gestational age (SGA), where
achieving adequate growth may require supraphysiological IGF-1 levels. In a
study by Wegmann et al. involving a cohort of short SGA children treated with
high-dose GH, 68% of patients reached total IGF-1 levels above +2 SD, while
only 15% exceeded this threshold for bioactive IGF-1 (76). When examining
cumulative lifetime IGF-1 exposure in an SGA cohort, Kjaer et al.
demonstrated that GH therapy during childhood resulted in only a slight
increase compared to levels observed in healthy individuals (77).
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Despite the uncertainties, the potential risks associated with both low and high
IGF-1 levels underscore the importance of maintaining IGF-1 levels within the
normal range during GH therapy, as recommended by international guidelines
(78). While the use of IGF-1 and IGFBP-3 as biomarkers of GH action has
been proposed (79), their relevance has not yet been fully explored in-depth.

For now, IGF-1 is primarily recommended as a marker for long-term safety
and treatment adherence, rather than being solely used as a measure of GH
therapy efficacy. International guidelines caution against basing GH dosing
exclusively on IGF-1 levels, emphasizing instead a weight-based dosing
approach, despite known individual variations in sensitivity to GH (78).
Further research is needed to refine the role of IGF-1 in guiding treatment and
ensuring both efficacy and safety.

1.4 GROWTH HORMONE DEFICIENCY

Growth Hormone Deficiency (GHD) in children can be isolated, or occur
alongside other pituitary hormone deficiencies, and may be either congenital
or acquired. While many causes of GHD in children have been identified, the
majority of cases remain idiopathic.

The definition of short stature in children is a height below 2 SDS from the
population mean. GHD is often considered in a child with short stature,
although it is rare as an underlying cause. In children with a height above
-2 SDS for gender and age, the estimated prevalence of GHD is 2% (80).
Mameli et al. found the overall prevalence of GHD in children and adolescent
to range between 1/1,107 and 1/8,646 (81).

Diagnosing GHD in childhood is a complex process that involves thorough
clinical and auxological evaluations, along with biochemical testing and
radiological assessments (82). If left untreated, childhood-onset GHD results
in permanent short stature. Before considering GHD in children, other causes
for short stature, such as genetic, organic, hormonal, metabolic, or psychogenic
causes, need to be ruled out.

1.4.1 DIAGNOSING GHD

Diagnosing GHD in children is a multifaceted process including the following
aspects (82-84):
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1.4.1.1 MEDICAL HISTORY AND PHYSICAL EXAMINATION
Children with GHD may develop characteristics of normal body proportions,
relatively large head, sarcopenia, alterations in body composition for example
increased body fat, and reduced bone mineral density. Consistent growth
below the normal range for age and gender may indicate a potential GHD.

A detailed medical history and physical examination are essential to assess
growth and body proportions, as abnormal proportions strongly indicate
skeletal dysplasia rather than GHD. Facial and body dysmorphic features
should also be evaluated to exclude syndromic causes. An analysis of auxology
and growth charts is essential, focusing on how the child’s growth compares
to appropriate growth standards, parental heights, and trends over time. Several
growth disorders are distinguished by their characteristic growth patterns.

A thorough family history is crucial including low birth weight or length, early-
life failure to thrive, developmental delays, intellectual disabilities, or
behavioral issues for primary growth disorders such as dysregulation of the
epiphyseal growth plate. Secondary growth disorders, including GHD, caused
by external influences on the epiphyseal growth plate, may present with
indicators such as abnormal weight changes, anorexia, fatigue, abdominal
symptoms, signs of increased intracranial pressure, or the effects of certain
medications (84).

1.4.1.2 BIOCHEMICAL TESTING

Biochemical testing often includes IGF-1 and IGFBP-3 levels, an indirect
measurement of GH secretion. These levels are assessed in blood despite
IGF-1 also being produced in peripheral tissues, where it contributes to both
local and systemic effects. Low levels of IGF-1 and/or IGFBP-3 should prompt
further evaluation for GHD, although there is no consensus on the exact
cut-off values for these markers, as their levels can be influenced by various
confounding factors (70, 85, 86). See chapter 1.3.

Rikken et al. analyzed a Dutch cohort of children with GHD or idiopathic short
stature (ISS) and found when IGF-1 was below -2 SDS, the likelihood of a
GHD diagnosis was 65%, with a specificity of 78%. Similarly, for IGFBP-3
levels below -2 SDS, the likelihood of a GHD diagnosis was 53%, with a
specificity of 81% (87). A low IGFBP-3 is less sensitive but more specific than
a low IGF-1. The additional value of IGFBP-3 as a complement IGF-1 is,
however, unclear, except in young children under three years of age (88).
Cianfarani et al. reported that an IGF-1 cut-off below -1.9 z-score yielded a
sensitivity of 73% and a specificity of 95% for diagnosing GHD. For IGFBP-
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3, the sensitivity was 30% and the specificity was 98% (85). Ibba et al. found
a sensitivity of 68% and specificity of 63% using an IGF-1 cut-off of -1.5 SDS
(89). These findings highlight the diagnostic variability and limitations of
relying solely on IGF-1 and IGFBP-3.

Furthermore, IGF-1 and IGFBP-3 levels can indicate other abnormalities in the
GH-IGF-1 axis. Low levels combined with an elevated GH peak suggest
bioinactive GH or GH insensitivity, warranting further evaluation through
IGF-1 generation tests.

Wit et al. developed recommendations for laboratory testing in children with
growth failure by combining clinical insights and evidence-based approaches
(84). The basic screening for short stature includes a complete blood count,
IGF-1, thyroid-stimulating hormone (TSH), and free T4 to rule out
hypothyroidism; transglutaminase IgA antibodies to screen for celiac disease;
and measurements of sodium, potassium, creatinine, calcium, phosphate, and
alkaline phosphatase to evaluate for kidney insufficiency or metabolic bone
disorders. Genetic testing on short girls to rule out Turner syndrome. For
children under the age of 3, blood gas analysis and serum IGFBP-3 are
recommended to rule out renal tubular acidosis and GHD. Children 10 years
or older with affected height and weight, inflammatory markers are
recommended to screen for inflammatory bowel disease. This comprehensive
approach highlights the need to consider less obvious causes of growth failure.
For example, Van Rijn et al. demonstrated in a systematic review that 2-8% of
children with short stature may have celiac disease, even in the absence of
gastrointestinal symptoms, underscoring the importance of excluding this as a
potential underlying cause (90).

1.4.1.3 RADIOLOGIC ASSESSMENTS

X-ray of the left hand/wrist to evaluate both bone age, but also adult height
prediction can be useful. The extent of bone age delay assists in differentiating
between various types of growth disorders. Bone age estimation should thus
be part of a routine growth failure evaluation (82). Most primary growth
disorders show a bone age close to chronological age. A hand/wrist X-ray can
also reveal signs of abnormalities related to short stature homeobox-containing
(SHOX) haploinsufficiency (91). For a more detailed assessment, MRI of the
pituitary is recommended to identify organic causes of GHD. In cases where
GHD is diagnosed, performing an MRI is essential to evaluate the structure
and positioning of the pituitary gland, aiding in the identification of potential
underlying abnormalities (82).
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1.4.1.4 GENETIC EVALUATION

Height is a multigenic trait influenced by multiple genes, with 80-90% of adult
height determined by heritability (92). Genome-wide association studies have
identified numerous genetic loci linked to height, many of which are involved
in cellular or metabolic processes, growth-regulating systems, or critical
functions within the growth plate (93, 94).

Advances in genetic tools have facilitated the identification of new genetic
disorders responsible for GHD in short children previously classified as SGA
or ISS (95). Homma et al. demonstrated that 34% of children born SGA with
persistent short stature, along with features such as dysmorphic characteristics,
major malformations, developmental delays, and/or intellectual disabilities,
carried pathogenic or likely pathogenic variants in genes linked to growth
disturbances (96).

Genetic testing should be conducted if a primary growth disorder is suspected,
particularly in cases where the child exhibits disproportionate growth and/or
dysmorphic features (84). Flechtner et al. reported a prevalence of skeletal
dysplasia of 21.8% in patients with ISS and 20.9% in those born SGA (97).
Furthermore, the prevalence increased to 33% when a parent was also short.
Children with GHD who experience significant growth impairment and have
a confirmed family history should undergo genetic mutation screening. The
progressive endocrine disorders observed in some of these cases highlight the
need for ongoing long-term monitoring (98).

1.4.1.5 GROWTH HORMONE STIMULATION TEST

A single random measurement of GH in plasma provides limited information
about overall GH secretion over time. To address this, provocative tests were
developed based on the assumption that the maximum GH peak following a
stimulus injection could distinguish individuals with normal GH secretion
from those with GHD.

The first GH stimuli in use was insulin-induced hypoglycemia in the insulin
tolerance test (ITT) (99). Various other test combinations, such as arginine,
glucagon, propranolol, and L-Dopa, have been reported, but these act through
different mechanisms at the pituitary or hypothalamic levels and are associated
with varying risk profiles, response variability, and limited reproducibility.

Extremely low GH levels are indicative of severe GHD; however, no definitive
cut-off exists to differentiate normal GH levels from partial GHD. Since GHD
exists on a continuum from partial deficiency to complete deficiency, there is
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no consensus on the optimal test cut-off, as controlled or evidence-based
studies linking these thresholds to adult height are lacking.

Early reports defined a GH response above 5 pg/L as sufficient but as GH
availability increased, most centers raised the cut-off to 7 ug/L to expand
treatment eligibility. Following the introduction of recombinant GH in the
1990s, the cut-off was further increased to 10 pg/L (100). 10 pg/L is
marginally below the mean response for normally growing children tested with
provocation tests, hence the cut off (101). Studies have shown that a GH peak
cut-off of < 10 pg/L can effectively predict growth response during the first
few years of GH therapy (102, 103). In recent years, many centers have,
however, readjusted the cut-off to 7 ug/L, reflecting updates in modern
methods and reference standards (104).

Rosenfeld et al. outlined several limitations associated with provocative GH
testing (100):

1. Provocative GH tests are non-physiological and fail to replicate the
natural GH secretion pattern due to differences in dosage,
administration, and interactions,

2. The definition of a normal GH rise after stimulation is arbitrary,

3. Age dependency and the role of sex steroid priming has not fully
been established. To avoid false positive results, administration of
sex steroids prior to GH provocative tests has been proposed as GH
secretion is generally lower prior to puberty (78),

4. GH assays, on which the tests are reliant, are variable in accuracy,

5. Cost, risk of tests and discomfort for the child. The pharmacological
agents used to stimulate GH secretion may cause side effects, with
insulin-induced hypoglycemia potentially leading to seizures,
particularly in children with severe GHD,

6. Poor reproducibility of results,

7. Severe GHD can be identified but partial GHD among normal short
children is difficult to identify. There is a possibility that a partial
GHD can be masked by potent provocative agents.

Bright et al. showed that provocative testing has a high false positive rate and
the probability of true-positive result in a child with short stature is
approximately 1 in 36 cases (105). International guidelines recommend against
relying solely on GH provocative test results for diagnosing GHD, as these
tests are associated with numerous pitfalls, as outlined above (78).
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1.4.1.6 GROWTH HORMONE SPONTANEOUS TEST

Measurements of spontanecous GH secretion are arguably superior to
provocation tests as it reflects the physiological secretion of GH in the
individual (106). Screening requires multiple blood sampling every 20 to 30
minutes to capture the pulsatile nature of GH secretion, to construct a GH
profile. Interpreting the GH profiles include analyzing the amplitude and
frequency of the GH peaks, the baseline between the peaks, and calculation of
the total amount of GH secretion during the testing period. See Figure 6 for a
normal growth hormone spontaneous night profile, and Figure 7 for a
pathological example. The duration of GH measurements has been reduced
from 24 hours to 12 hours overnight, as nighttime peaks are the most
informative (107). Many of the pitfalls highlighted above for provocative
testing also apply to spontaneous testing. Spontaneous measurements are
expensive and requires hospitalization and therefore the use have been limited
to only a few centers worldwide.

Divergent results between provocative testing and nocturnal spontaneous GH
tests have shown to be highly variable from 6-42% depending on cut-off levels
(3-10 pg/L) (108).

20.00 00.00 04.00 08.00

Clock Time

Figure 6. Normal growth hormone spontaneous night profile with several
peaks. Created with BioRender.com.
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Figure 7. Pathologic growth hormone spontaneous night profile with
stunted low peaks. Created with BioRender.com.

1.5 GROWTH HORMONE TREATMENT

In Sweden, as well as other countries in the European Union, the approved
indications for GH therapy in children by EMA, European Medicines Agency,
currently include GHD, SGA without catch-up growth, Turner syndrome, renal
insufficiency, growth disorders caused by SHOX gene mutations, Prader-Willi
syndrome, and Noonan syndrome.

The Food and Drug Administration (FDA) approved in 2003 GH therapy for
children with ISS in the U.S. In Sweden ISS alone is not an approved indication
for GH therapy.

The recommended GH dose for children with GHD range from
0.025-0.035 mg/kg/day. International guidelines recommend dosing by body
weight based on previous positive effects on growth seen in multiple studies
(78). Dosing based on body surface area (BSA) is not recommended, as it may
lead to lower total GH doses in older children compared to weight-based
dosing (109). This recommendation is further supported by the lack of rigorous
studies directly comparing the two approaches and insufficient evidence
favoring the superiority of BSA-based dosing.

Children undergoing GH therapy represent a diverse range of underlying
causes and varying degrees of sensitivity to treatment. Despite receiving the
same GH dose, they often exhibit a wide spectrum of responsiveness,
highlighting the need for individualized dosing strategies (110-112).
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1.5.1 IGF-1 DOSE TITRATION

Given that GH levels regulate the production and release of IGF-1 in the liver,
a potential approach to optimize GH therapy is to use IGF-1 as a biomarker for
dosing. For other hormonal deficiencies, such as hypothyroidism, treatment
aims to titrate the dose to achieve hormone levels comparable to those in a
healthy population. Applying a similar strategy for GH therapy, with dose
titration based on IGF-1 levels corresponding to a healthy cohort, would be a
reasonable approach. By titrating GH doses based on IGF-1 levels, treatment
could be tailored to the individual, improving efficacy while minimizing the
risks associated with elevated IGF-1 levels.

Cohen and colleagues conducted several studies investigating IGF-1 based
dosing of GH therapy in short children (113-115). A randomized controlled
trial compared IGF-1-based dosing with conventional weight-based dosing for
children with GHD. The study found that adjusting GH doses to achieve higher
IGF-1 levels led to improved growth responses, although this approach
required higher average GH doses (113). A subsequent study suggested
potential dose-reducing and safety-improving effects of IGF-1-based dosing in
children with GHD and ISS (114).

Jensen et al. demonstrated, however, in the North European Small-for-
Gestational-Age Study that titrating GH doses based on IGF-1 levels in
children born SGA was less effective than conventional dosing strategies,
resulting in reduced height gain (116).

The GH dose effect on IGF-1 levels is complex. Studies have shown that
during the first years of GH therapy, IGF-1 levels increase depending on
GH dose (117, 118). Cohen et al. showed that GH therapy induces a positive
correlation between IGF-1 levels and a two-year adjusted change in height
SDS. The study population indicated, however, a plateau in the GH dose-
response curve at an intermediate dose of approximately 50 pg/kg per day;
higher doses providing no additional growth benefit but with elevated IGF-1
levels (119). Lundberg et al. demonstrated that a higher GH dose resulted in a
greater increase in IGF-1 levels (delta IGF-1) during both prepubertal and
pubertal growth, ultimately leading to a larger overall height gain (120). The
so called LG growth study, a long-term, observational cohort study conducted
in South Korea, reports that IGF-1 changes were only weakly associated with
treatment effects during the first years of treatment, and were no longer
significant from the third year (121). Oberle et al. found no significant
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association between IGF-1 z-scores and GH dose in their cohort of prepubertal
children receiving GH therapy (122).

1.5.2 GROWTH HORMONE AND SAFETY

The Safety and Appropriateness of Growth Hormone Treatments in Europe
(SAGhE) study, a retrospective investigation into the long-term safety of GH
therapy, studied individuals from eight European countries that received GH
therapy during childhood, focusing on cancer incidence and mortality due to
specific causes. Initial findings from the French cohort indicated a heightened
risk of all-cause mortality and stroke in children receiving GH therapy
(123, 124). Although the SAGhE study raised potential concerns, its findings
should be viewed cautiously due to methodological limitations and the absence
of supporting evidence from other cohorts. The latest comprehensive analysis,
combining data from all cohorts, reported, conversely, no increase in all-cause
mortality (125).

1.6 PREDICTION MODELS

A prediction model is a mathematical or computational tool designed to
forecast future outcomes or trends based on existing data and predefined
variables.

Based on the complexity in diagnosing GHD, identifying a child with severe
GHD may be obvious due to several signs, but the intermediate group with
partial GHD or ISS can be challenging. Prediction models, which use the
characteristics of the child in contribution with predictors to forecast future
height gain can assist in diagnosing and may help in various ways:

1. Identifying patients - healthcare resources can be allocated more
efficiently to children most likely to benefit from GH therapy and
minimize the risk of unnecessary treatment,

2. Personalizing treatment - GH dosing can be tailored based on
estimated responsiveness, using baseline auxological and
biochemical factors to determine the appropriate dose, considering
the unique characteristics of children,

3. Treatment monitoring - assist in tracking the progress of GH therapy
and evaluating adherence to treatment.
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A clinically relevant prediction model should include the following according
to Wit et al. (126):

1. Validation: model should be tested on an independent cohort
different from the one used to develop it,

2. Accuracy: model should demonstrate minimal prediction error,

3. Comprehensiveness: model should account for wide variability in
treatment response,

4. Practicality: model should rely on easily accessible and standardized
variables,

5. Integration: model should incorporate treatment modalities as
variables,

6. Biological Relevance: model should be grounded in biological
principles,

7. Usability: model should be straightforward to apply in clinical
practice.

1.6.1 KIGS PREDICTION MODELS

KIGS (Pfizer International Growth Database) prediction models for GH
therapy is a comprehensive tool used to predict and analyze the response of
children to GH therapy (127). An extensive global database of clinical data
from children undergoing GH therapy is used as a basis. The prediction for
first-year growth response was based on data from 593 GHD patients (148 girls
and 455 boys), with fewer data points available for subsequent years. Using
this dataset, the models were developed through multiple linear regression
analysis and can generate growth predictions for up to four years. The
prediction variables in the models include: 1) Age at onset, 2) Birth weight, 3)
GH dose, 4) Parental heights, 5) Body weight, 6) Height, and 7) Maximum GH
peak. The best model explained 61% of the variability of the response and the
most important variable was the maximum GH peak. The more severe GHD,
the better first year growth prediction. Furthermore, there was an inverse
relationship between the growth response and chronological age, in addition to
the deficit between child’s growth and target height. Younger and smaller
children exhibited, consequently, a more substantial growth response to GH
therapy in the first year.

A separate model, excluding the maximum GH peak, explained 45% of the
variance in treatment response. The most significant predictor in this model
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was the height deficit relative to target height. Both models produced
comparable results overall; the model without the maximum GH peak tended,
however, to underestimate growth response in individuals with severely
reduced GH secretory capacity (127).

Other prediction models for children with Turner syndrome, SGA, ISS and
chronic renal insufficiency are also available from data included in KIGS (127-
130).

The KIGS prediction models are integrated into a user-friendly cloud-based
tool called Individualized Growth Response Optimization (iGRO) (131).
First-year growth serves as the most significant predictor for subsequent
prepubertal growth velocity. Height velocity becomes, however, more
complex after the onset of puberty, making annualized height velocity
challenging to assess. Predictive algorithms have been developed to address
this by modelling total pubertal growth, from puberty onset to near-adult
height, for conditions such as GHD, Turner syndrome, and SGA.

1.6.2 GOTHENBURG PREDICTION MODELS

The Gothenburg prediction models focus on a broad group of prepubertal short
children for whom the diagnosis of GHD is not clearly defined. In 2000,
Albertsson-Wikland et al. published several prediction models incorporating
different variables. These models were developed using data from 269 short
prepubertal children (45 girls and 224 boys) and validated with a separate
cohort of 149 children (132). The modeling technique involved nonlinear data
fitting and empirical testing; chosen because the relationship between growth
response and the variables was inherently nonlinear.

The model with the best prediction accuracy was the 24-h GH profile data
added to the Basic + early growth model including data of: 1) Parental heights,
2) Birth weight and length, 3) Weight and height at 1 year, 2 years, 1 year prior
to prediction and at prediction, and 4) maximum spontancous GH peak.
This model could predict the first-year growth on GH therapy with an accuracy
of + 0.37 SDS (+ 1.96 standard deviation of residuals (SDrs)) using a fixed
standard dose of 33ug/kg/day.

The spontaneous maximum GH peak over 24 hours was found to be the most
informative variable. The prediction model including early growth variables
and GHmax24h has been used in prospective studies on personalized GH
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regimens to estimate responsiveness (111). Later models with broader
inclusion criteria as preterm children and SGA were also developed (133).

1.6.3 MACHINE LEARNING PREDICTION MODELS

Machine learning with origins in statistics is a powerful tool for developing
artificial intelligent (AI) applications that can uncover patterns and
relationships within data (134). These insights can be used to enhance
understanding of a phenomenon or to predict future outcomes.

The two primary categories of machine learning scenarios are unsupervised
learning and supervised learning. Unsupervised learning involves training a
model on data without labeled outcomes or explicit guidance, aiming to reveal
hidden structures or pattern in the data. Supervised learning, in contrast, uses
training data consisting of input observations and their corresponding known
outputs to create a model that can predict outputs for new datasets. The goal is
to develop a model that produces predicted values closely matching the
observed ones in the training set, avoiding underfitting and associated high
bias, typically a result from an overly simple model with insufficiently
informative inputs. The model must generalize well to new data to prevent
overfitting, which occurs when the model is overly complex or relies on too
many features relative to a small training dataset. The key to building an
effective model lies in striking a balance between underfitting and overfitting
(135).

Complex deep learning models like Neural Networks mimics the human brain
by using multiple layers of interconnected nodes to learn complex patterns
(136), while Random Forests combine numerous decision trees to produce
highly accurate and reliable predictions (137). The decision-making processes
of these algorithms are often highly complex or hidden, making them difficult
to interpret, and are commonly referred to as black-box models. White-box
models are based on internal decision-making processes that can be traced and
casily understood (138). Black-box models often outperform in predictive
power, whereas white-box models prioritize transparency and interpretability,
sometimes at the cost of predictive accuracy. This trade-off is, however, not
always apparent when the data is well-structured and the features are highly
informative (139). Use of interpretable models in healthcare is of crucial
significance. Despite a growing reliance on black-box models, particularly in
fields like radiology and automation, their trustworthiness depends heavily on
the quality and reliability of the training data.
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1.6.3.1 MACHINE LEARNING LINEAR REGRESSION

Linear regression is one of the most widely used machine learning techniques
and the simplest of the models presented here (140). The relationship between
a dependent variable (Y) and one or more independent variables (X), is
represented by approximating them with a linear equation.

The key difference between traditional regression and machine learning-based
regression lies in their goals and approaches. Traditional regression focuses on
understanding the relationship between dependent and independent variables,
emphasizing interpretability and hypothesis testing. In contrast, machine
learning-based regression prioritizes prediction accuracy, using methods like
cross-validation to avoid overfitting. Machine learning models are more
flexible, allowing for the use of larger datasets and hyperparameter tuning to
enhance performance, though often at the expense of interpretability (141).

Simple linear regression can be enhanced using regularization techniques.
Ridge regression reduces the size of the coefficients to prevent overfitting,
while Lasso regression selects a smaller set of predictors to minimize
prediction errors for the response variable. Both methods simplify the model
and help prevent overfitting.

1.6.3.2 SYMBOLIC REGRESSION

Symbolic regression is a form of genetic programming that begins by
generating random mathematical expressions to fit the data (142). The best-
fitting expressions are then selected, combined, and modified through random
changes to produce better equations that minimize errors. This iterative process
continues over multiple generations to refine the models further. This approach
does not require a predefined functional form, allowing it to discover new and
complex equations that capture underlying data patterns. Unlike classic
regression, symbolic regression can automatically select features from raw
input variables and combine them into new features that capture underlying
patterns in the data (143). The resulting model is a mathematical expression
that is often interpretable, providing valuable insights into the relationships
between variables (144).

1.6.3.3 EXPLAINABLE BOOSTING MACHINE

Explainable Boosting Machine (EBM) is a tree-based, cyclic gradient-boosting
model that builds on Generalized Additive Models (GAMs) with pairwise
interactions. GAMs are a type of statistical model that extends linear regression
by allowing for greater flexibility in the relationship between the dependent
variable and each independent variable. Unlike traditional linear models,
which assume a linear relationship, GAMs enable the relationship between the
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target and each predictor to be modeled as a smooth, non-linear function.
This flexibility allows GAMs to capture more intricate patterns in the data
without sacrificing interpretability. GAM helps us understand how different
features affect the outcome by looking at the effect of each feature separately
and then adding them together in a prediction (145).

Tree-based means the model uses decision trees, which are non-linear
predictive models capable of capturing complex relationships between
variables. Cyclic gradient boosting refers to the iterative process where, instead
of building new decision trees for the entire dataset at each step, the model
focuses on individual features in a cyclic manner. Each subsequent tree
corrects the errors of the previous iteration, refining the contribution of specific
features to build a more accurate and interpretable model (146).

Within EBM the most important features can be visualized with the
implementation of the InterpretML package and a global features plot, where
the most important features affecting the prediction is ranked. The higher
importance score, the stronger impact the feature has on the model’s
prediction, see Figure 8.

Global Feature Importance in EBM

Feature A
Feature B

Feature C

Features

Feature D

Feature E
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Figure 8. Global feature importance plot for an Explainable Boosting
Machine (EBM). The horizontal bars show the average impact of each
feature on the model's predictions, with larger values reflecting greater
influence. Created with OpenAl. (2024). ChatGPT. URL:
https://openai.com/
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Feature importance plots illustrate the relationship between each single feature
and the predicted outcome when all other variables are held on average. See
Figure 9. The appearance of the plot can reveal whether a feature has a linear
or non-linear relationship with the target variable. The top graph illustrates the
relationship between the feature values and their contribution to the prediction,
with the blue shaded area representing uncertainty. The bottom graph shows
the distribution of the feature values as a histogram, providing context for the
range and frequency of the feature within the dataset.

Feature Importance Plot for EBM
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Figure 9. Feature importance plot for an Explainable Boosting
Machine (EBM). Created with OpenAl. (2024). ChatGPT.
URL: hitps://openai.com/

1.6.4 COMPARISON OF PREDICTION MODELS

Quality of a prediction model can be expressed in the amount of variance
where the coefficient of determination (R?) close to 1 is ideal. A high
R? indicates a strong fit between the model and the observed data; but does not
imply that the model generalizes well to new data.
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Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE)
measure the accuracy of the models by quantifying the error. MAE measures
the average error between the predicted and observed values expressed in the
same units. Small errors implicate better accuracy for the model. MAPE
measures the average percentage error and highlights the proportional accuracy
and allows comparison across datasets with different scales or units.

Another way to express the accuracy of prediction models as used for the
Gothenburg prediction models is the SDy, measuring the average distance
between observed data points and the predicted values from a model. A value
close to zero indicates a better prediction.
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2 AIMS AND HYPOTHESES

The overall aim of this thesis is to optimize GH therapy for short children in a
clinical setting, focusing on identifying patients who would benefit from
treatment and to improve strategies for individualized care.

The following hypotheses is the basis of this thesis:

2.1

Diagnosing GHD in children, particularly milder cases, is
challenging, often leading to overtreatment. Unnecessary treatment
poses potential risks, including side effects and undue burden on the
child.

Use of IGF-1 as a biomarker for GH dose titration has the potential to
improve treatment accuracy by reducing the risk of overtreatment
and its associated adverse effects. Significant pitfalls remain in its
clinical application.

Sophisticated Al machine learning models provide an accurate
prediction of IGF compared to traditional statistical approaches.
Important features affecting the prediction can also be identified.

SPECIFIC AIMS

Study 1

Assess the clinical accuracy of the Gothenburg prediction model in
real-world settings,

Identify children who will benefit from GH therapy in terms of
growth outcomes, minimizing unnecessary interventions.

Study 2

Validate and compare the accuracy of the Gothenburg prediction
model and the KIGS models in predicting growth outcomes during
GH therapy using clinical data,

Enhance decision-making prior to initiating GH therapy in children
by improving access to validated prediction models.
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Study 3

- Evaluate a well-defined group of children in early puberty with short
stature undergoing GH therapy, focusing on how pubertal
maturation, and sex steroid levels influence the interpretation of
IGF-1 levels,

- Describe the characteristics of children with high or low serum IGF-1
SDS.

Study 4

- Compare the performance of three Al machine learning models
(Linear Regression, Symbolic Regression, and Explainable Boosting
Machine) to demonstrate the potential advantages of more advanced
machine learning techniques in facilitating the clinical use of IGF-1,

- Identify the most important factors influencing IGF-1 prediction in
both short and long term.
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3 PATIENTS AND METHODS

3.1 STUDY SUBJECTS
Study 1

All short children who started GH therapy based on a growth prediction at the
Queen Silvia Children’s Hospital in Gothenburg between 2004 and 2016 were
considered for inclusion in the study. The cohort comprised 121 children, 44
girls and 77 boys, all of whom had received at least one year of GH treatment
initiated based on a favourable first-year growth prediction of > 0.7 SDS.
Exclusion criteria included chronic diseases, endocrinopathies other than
GHD, oncological conditions, poor adherence, or evident dysmorphic features
suggestive of an underlying syndrome. Pubertal children with breast Tanner
stage > 1 for girls and testicular volume > 4 ml for boys were also excluded.

Study 2

The inclusion and exclusion criteria were the same as those in study 1, except
that a first-year prediction of > 0.7 SDS was not required, which resulted in the
inclusion of 5 additional patients. However, three patients initially included in
study 1 were excluded from study 2 due to newly discovered suspicions of a
syndrome, rheumatologic disease, and one case of late-identified low treatment
adherence. This resulted in a cohort of 123 prepubertal children, consisting of
47 girls and 76 boys.

Study 3 and 4

Study 3 and Study 4 included participants from a prior clinical dose-response
trial conducted in Sweden, which consisted of two parts: the Catch-Up Study
(111) and the subsequent Maintenance Study (147). Patients from the
Catch-Up Study who met the eligibility criteria for the second phase were
included in the second part.

The Catch-up Study included prepubertal children, with a height SDS of < -2
or a growth velocity SDS of < -1. Additionally, eligible children needed to be
<1 SDS below their mid-parental height (MPH) SDS, born with a weight or
length above -2.5 SDS, and born at a gestational age of > 30 weeks. Accessible
growth data was required, including measurements of length/height and weight
at birth, at 1 year (£ 3 months) and 2 years (+ 6 months) of age, as well as 1
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year (= 3 months) before starting treatment. At least two stadiometer
measurements during the pretreatment year were also necessary.

Exclusion criteria included chronic illness, clinical syndromes,
disproportionate body measurements, catch-up growth during the pretreatment
year, or an MPH SDS > 1.5. Diagnostic classification was determined using
the arginine-insulin tolerance test (AITT) but 24-hour spontaneous profiles
were also measured. Children were randomized into standard or individualized
GH dose groups in a 1:2 ratio. 128 patients (38 girls) completed the protocol
for the first Catch-up phase.

In the following Maintenance Study, patients were selected from the
individualized-dose group of the previous study based on specific eligibility
criteria. To participate, children had to remain prepubertal and had obtained a
height at least 1.5 SDS from MPH. For the weight-based dose control group,
no auxological criteria were applied. A total of 98 children (72 boys, 26 girls)
formed the intention-to-treat (ITT) population, which included 33 children
with GHD and 65 without GHD. GHD diagnosis in this study was based on
both the arginine-insulin tolerance test (AITT) and the 24-hour spontaneous
profile. Participants were randomized into three groups receiving half their
previous individualized GH dose, continuation of their unchanged
individualized dose or receiving a standard GH dose of 43 ug/kg/day.

Study 3 includes patients from the Maintenance Study, excluding five boys due
to incomplete data. Study 4 focuses exclusively on boys from the same trial,
excluding seven due to incomplete data. See Figure 10.

Excluded

Study 3
5 boys y
incomplete
data for 93 patients
inclusion

v (67 boys, 26 girls)

Catch-up study Maintenance study

128 patients 98 patients

(38 girls, 90 boys) (72 boys, 26 girls)

Study 4
Excluded

7 boys incomplete
data for inclusion & 65 boys
26 girls

Figure 10. Patient cohorts for study 3 and 4 from previous clinical
trials. Created with BioRender.com.
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3.2 AUXOLOGICAL MEASUREMENTS

All height measurements at standing position at the Pediatric endocrine clinic
at Queen Silvias Children’s hospital were conducted using an Ulmer
stadiometer that is wall-mounted. This device, equipped with an incremental
scale and an optoelectronic measuring system, provides a precision of 1 mm.
Body weight was recorded with an accuracy of 0.1 kg using a step scale
(SECA 701, Germany).

Early growth data for the children were collected from child welfare centers,
where various measurement methods were used. Birth weight and birth length
were adjusted for gestational age and converted into SDS according to
Niklasson et al. (148). The one- and two-year height outcomes from the
Gothenburg prediction model are expressed in height SDS according to
Karlberg et al. (149). Therefore, all height measurements in Studies 1 and 2
were converted accordingly to ensure comparability.

3.3 HORMONAL ANALYSES

3.3.1 IGF-1 AND IGFBP-3 ANALYSES

A radioimmunoassay (RIA) (Mediagnost GmbH, Tiibingen, Germany), a
technique that quantifies substances using specific antibodies and radioactively
labelled antigens, was employed to measure IGF-1 and IGFBP-3. This method
provided a total coefficient of wvariation (CV) of 16% at low IGF-1
concentrations (40 pg/L) and 9% at higher concentrations (> 225 pg/L). For
IGFBP-3, the CV remained constant at 10% across concentrations.
Additionally, the imprecision for the IGF-1/IGFBP-3 ratio was 17% at low
values (2.1 pg/L) and 15% at higher values (> 5.0 pg/L).

From March 2018, the analysis method was updated to a chemiluminescent
immunoassay (IDS iSYS, Immunodiagnostic Systems Holdings, Tyne and
Wear, United Kingdom). This method, unlike RIA, utilizes light-emitting
chemicals rather than radioactive isotopes for detection, being safer and more
environmentally friendly. A high degree of agreement with the previous RIA
method was demonstrated, correlation coefficient, r = 0.98, negating the need
for a conversion factor between methods.
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3.3.2 GROWTH HORMONE ANALYSES

Serum GH concentrations were measured using a fluoroimmunometric assay
with monoclonal antibodies, following the WHO IRP 80/505 Standard
AutoDELFIA hGH method (PerkinElmer Life and Analytical Sciences, Turku,
Finland). This method is an immunoassay that uses fluorescent labels for
detection. On June 16, 2014, this method was replaced by a chemiluminescent
immunoassay (IDS-iSYS, Immunodiagnostic Systems Holdings, Tyne and
Wear, United Kingdom). The AutoDELFIA method reported GH levels in
mU/L, while the IDS-iSYS expressed them in pug/L. To ensure consistency
between methods, the transformation formula IDS-iSYS = AutoDELFIA /2.6
was applied.

3.3.3 SEX STEROID ANALYSES

Serum estradiol and testosterone levels were measured simultaneously using
high-sensitivity gas chromatography-tandem mass spectrometry (GC-MS/MS)
(150). The CV for estradiol was 19% at 8 pmol/L and 6% at concentrations
> 36 pmol/L. For testosterone, the CV was 16% at 0.3 nmol/L and < 10% at
levels > 1.5 nmol/L. Previously established biological reference ranges (151)
for estradiol and testosterone in children were adopted due to the high
agreement between the GC-MS/MS method and earlier methods, such as
extraction-based RIAs.

MS/MS is an advanced analytical technique commonly used for the
quantification of substances such as hormones. The technique involves
isolating ions of interest and generating a mass spectrum containing only those
specific ions. The process operates in two steps: first, the sample is ionized and
sorted by their size and weight in the first mass analyzer; second, the selected
ions are fragmented into smaller pieces and analyzed in the second mass
analyzer to produce a unique fragmentation pattern, known as the mass
spectrum. When combined with gas chromatography, the accuracy is further
enhanced, as a separation step is included to isolate individual compounds
before analysis. This method is particularly effective for measuring low-
abundance analytes, such as hormones, with high precision. The specific GC—
MS/MS method developed by Ankarberg-Lindgren et al., with its high
sensitivity and specificity, has shown to be well-suited for measuring
androgens and estrogens (150).
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3.4 STATISTICAL AND MACHINE
LEARNING METHODS

A p-value of less than 0.05 was regarded as statistically significant for all
studies in this thesis. When comparing observed versus predicted growth in
Study 1, a modified version of Bland-Altman plot was used, including the 95%
upper and lower limits of agreement, representing = 2 SD from the mean.
Correlations in Studies 1 and 2 were analyzed using Pearson correlation, which
calculates a coefficient to express the strength and direction of the relationship.
Additionally, Study 2 used studentized residual plots to identify outliers and
evaluate the accuracy of the prediction models used in the study.

Study 3 employed linear mixed-effects models to compare sample groups,
accounting for measurements that were repeatedly taken from the same
subjects.

Machine learning models were used for study 4. To avoid overfitting, a
hold-out validation approach was used, reserving 30% of the data as a separate
subset to evaluate the performance of models. To optimize the
hyperparameters, which are predefined settings that control the learning
process for each model type, grid search with cross-validation was used on the
training data. Once the optimal hyperparameters were determined, the final
model was trained on the entire training dataset using the selected
hyperparameters.

For the linear regression analyses, the scikit-learn implementation, an open-
source library in Python was used. For symbolic regression, the Gene-Pool
Optimal Mixing Evolutionary Algorithm (GP-GOMEA), developed by
Virgolin et al. (152), implemented through the GPG Python package for
symbolic regression was used. The algorithm is available at
https://github.com/marcovirgolin/gpg. For the Explainable Boosting Machine,
the implementation provided by the InterpretML package was used (146).

3.5 ETHICAL CONSIDERATIONS

The studies included in this thesis were conducted in accordance with the
Declaration of Helsinki and received approval from the Research Ethics
Committee in Gothenburg, Sweden.

Studies 1 and 2: Approval number 171-18.
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Studies 3 and 4: Approval number 320-03, 449-16 and approval for the trial by
the Medical Product Agency of Sweden with study number NRA 6280003.

The first two studies were retrospective, with data collected from databases
and medical records. Their retrospective nature and use of de-identified data
did not require informed consent, as specified by the approval from the ethics
committee.

Data for Studies 3 and 4 were collected prospectively; however, the data
analysis plan for the pubertal years was retrospective in nature. For these
studies informed consent was obtained from the parents, and assent was
gathered from the child when age appropriate.

The cohort for Study 3 and 4 was originally part of a clinical trial in which
examinations and follow-ups were conducted every three months. Blood
samples were collected and stored at -80 degrees Celsius for future use.
Following updated ethical approval (449-16), selected samples were analyzed
for estradiol, testosterone, IGF-1 and IGFBP-3. These additional analyses had
no adverse impact on the patients.
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4 RESULTS

4.1 STUDY 1

The primary objective of the first study was to evaluate the accuracy of the
Gothenburg prediction model in identifying children who would benefit from
GH therapy in a clinical setting. The cohort included 121 patients with a
median age of 5.32 years (range: 3.0—11.8 years). After one and two years of
GH therapy, the mean height gains were 1.00 + 0.32 SDS and 1.50 + 0.43 SDS,
respectively.

Of the 121 patients, 13 did not achieve the expected growth of > 0.7 SDS after
one year of treatment. Among these, two patients were classified as poor
responders, having grown less than 0.5 SDS.

The correlation between first-year predicted and observed growth in SDS
revealed a regression line with an R? of 0.17, indicating an underestimation of
low predictions and an overestimation of high predictions. The residual
deviation, measured as the standard deviation of the differences between
observed and predicted growth, was 0.31 SDS. See Figure 11.
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Figure 11. The correlation between the first-year predicted and

observed growth is shown. Reproduced with permission from Ly et al.,
Acta Paediatrica, 2022 Feb;111(2):346-353.
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The predicted and observed height outcomes for the first and second years of
GH therapy were compared, as shown in Figure 12. For the first year, the 95%
limits were 0.65 SDS and -0.57 SDS, with a standard deviation of 0.31. For the
two-year prediction, the limits were 0.93 SDS and -0.80 SDS, with a standard
deviation of 0.44.
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Figure 12. Graphs illustrating the discrepancy between observed and
predicted first-year (left) and two-year (right) growth responses relative
to the predicted values. The dashed lines indicate the 95% agreement
limits, with patients A and B showing considerably less growth than
anticipated. Reproduced with permission from Ly et al., Acta Paediatrica,
2022 Feb,;111(2):346-353.

4.2 STUDY 2

Study 2 compared the accuracy of two prediction models by comparing the
growth outcome after one year on GH therapy.

The growth outcome was assessed by comparing the actual height after one
year of treatment, expressed as mean (SD); 113.0 cm (10.3), with the predicted
heights from the Gothenburg model showing 112.9 cm (10.5), and the KIGS
models, 112.7 cm (9.9).

Figures 13 and 14 demonstrate the correlation between predicted one year

growth of GH therapy versus prediction based on the Gothenburg model and
KIGS models respectively.
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Figure 13. Observed growth outcomes compared to predicted growth by
the Gothenburg model after one year of GH therapy. Pearson correlation
coefficient r = 0.990, p < 0.0001. Reproduced with permission from Ly et
al., Growth Horm IGF Res. 2023 Feb:68:101523.
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Figure 14. Observed growth outcomes compared to predicted growth by
the KIGS models afier one year of GH therapy. Pearson correlation
coefficientt = 0.991, p < 0.001. Reproduced with permission from Ly et
al., Growth Horm IGF Res. 2023 Feb:68:101523.
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Figure 15 displays the mean and (SD) studentized residuals for the predicted
growth response according to the Gothenburg model, which was found to be
0.10 (0.81). Similarly Figure 16 presents the corresponding values for the
KIGS models, which was 0.03 (0.96).

Studentized residuals
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Figure 15. Studentized residuals for each patient, based on the first-year
predictions from the Gothenburg model, are displayed. Patient A's growth
was underestimated, resulting in a high studentized residual. Reproduced
with permission from Ly et al., Growth Horm IGF Res. 2023
Feb:68:101523.
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Figure 16. Studentized residuals for each patient are presented relative to
the first-year predictions using the KIGS models. Similarly, patient A
exhibits a high studentized residual, indicating underestimated growth.
Reproduced with permission from Ly et al., Growth Horm IGF Res. 2023
Feb:68:101523.
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When comparing both models, a high correlation of 0.995 with p<0.0001 was
found. See Figure 17.
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Figure 17. The correlation between predictions made by the KIGS models
and the Gothenburg model is shown. Pearsson correlation coefficient r =
0.995, p £0.0001. Reproduced with permission from Ly et al., Growth
Horm IGF Res. 2023 Feb:68:101523.

4.3 STUDY 3

Study 3 is a descriptive analysis addressing the clinical challenges of
interpreting IGF-1 levels during early puberty. Pubertal thresholds for estradiol
and testosterone were set at > 25 pmol/L and > 0.47 nmol/L, respectively.

Among 58 samples from girls at Tanner breast stage 1, 15.5% (9/58) exceeded
this threshold. Adjusting IGF-1 SDS using the early puberty reference range
instead of the prepubertal range lowered the median IGF-1 SDS from 2.04 to
1.44, p<0.05, with 4 out of 9 values falling below the guideline-recommended
upper limit of 2 SDS (Figure 18).

For boys with testes <4 mL, 15.7% (24/153) had testosterone levels above the
pubertal threshold of >0.47 nmol/L. Using the early puberty reference range

41



Helena-Jamin Ly

reduced the median IGF-1 SDS from 1.96 to 1.29, p=0.02, and 5 out of 24

values

IGF-1 (ug/L)

dropped below the 2 SDS upper limit (Figure 19).
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Figure 18. IGF-1 levels for girls at Tanner breast stage 1 with pubertal
estradiol concentrations are shown in comparison to the prepubertal
reference range for girls (left). The same IGF-1 levels are also compared
to the early puberty reference range (right). Dashed lines +/- 1 SDS, solid
lines mean and +/- 2 SDS. Reproduced with permission from Ly et al.
Front Endocrinol 15:1514935.
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Figure 19. IGF-1 levels for prepubertal boys with pubertal testosterone
levels are displayed relative to the prepubertal reference range for boys
(left) and to the early puberty reference range (right). Dashed lines +/- 1
SDS, solid lines mean and +/- 2 SDS. Reproduced with permission from
Ly et al. Front Endocrinol, 15:1514935.
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When examining the differences between the groups with IGF-1 SDS above
and below 2 SDS, the following observations were made, see Table 1. The
dataset included 475 samples of IGF-1, regardless of pubertal staging, of which
166 (35%) had levels > 2 SDS. Comparing mean GH dose in mg/kg/day, BMI
in kg/m?, estradiol in girls and testosterone in boys showed significant
differences between the groups of higher or lower IGF-1 SDS. The group with
high IGF-1 SDS > 2 had higher mean GH dose, lower BMI kg/m? and much
lower estradiol and testosterone.

Table 1. Differences in low and high IGF-1 SDS groups.

Variables Units IGF-1<2SDS IGF-1 22 SDS P-value
n= Median (range) n= Median (range)

Mean growth hormone dose mg/kg/day 283  0.038(0.01-0.10) 140  0.042(0.02-0.10) p<0.001
Mean growth hormone dose mg/m2 283 1.15(0.42-3.22) 140 1.24 (0.49-2.94) p=0.08
BMI kg/m2 319  17.9(13.0-27.7) 1583 17.5(13.5-26.1)  p<0.001
BMI SDS 318 0.10(-2.65-2.26) 151 -0.18 (-4.16-2.49) p=0.23
Estradiol (girls) pmol/L 83 102 (1-1070) 42 13 (3-214) p<0.001
Testosterone (boys) nmol/L 112 6.9(0.04-31.2) 236 0.35(0.11-27.2) p<0.001

4.4 STUDY 4

The machine learning models demonstrated varying performance in predicting
IGF-1 SDS at 3 and 12 months. The more advanced models; symbolic
regression showed R? values of 0.47 and 0.51 for 3- and 12-month predictions,
respectively, with minimal predictors, while EBM achieved R? values of 0.47
and 0.42. Mean absolute error (MAE) and Mean absolute percentage error
(MAPE) were calculated for each model, and the number of predictors required
varied between methods. Full details are provided in Table 2.

Table 2. The Performance of each model for the 3-month and 12-month IGF-1 SDS
predictions.

Linear Symbolic Explainable

Regression Regression Boosting Machine
= R? 0.07 0.47 0.47
E MAE 0.78 0.55 0.55
§ MAPE 0.68 0.47 0.32
Predictors (n) 33 7 63
s R? 0.22 0.51 0.42
S MAE 0.67 0.54 0.55
% MaPE 1.16 1.37 1.22
= Predictors (n) 33 6 40
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The 3-month prediction made by symbolic regression used 7 variables; Birth
length, IGF-1 SDS, height velocity one year before treatment, weight, missing
injections past year, delta IGF-1 at 1 year on treatment, and change in GH dose
past 3 months. For the 12-month prediction the following 6 key features were
found; Birth length, IGF-1 SDS, change in weight last 12 months, age,
IGF-1/IGFBP-3 ratio, and decrease in testosterone.

Table 3 lists the most important features influencing IGF-1 SDS

predictions at 3 and 12 months, as determined by the EBM model, ranked
by their level of importance.

Table 3. Key features identified by Explainable Boosting Machine for the 3-month

and 12-month predictions.

3-month predictions

IGF-1SDS

Height velocity one year before treatment
GH dose

Target height difference

IGF-1/IGFBP3

IGF-1 increase

Age

Growth second year of life

IGF-1 SDS & GH dose

Change in weight past 12 months

Age at treatment start

Birth weight

weight

Estradiol increase

IGF-1 SDS & delta IGF-1 at 1 year on treatment
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12-month predictions

IGF-1SDS

Age

Target height difference

Birth length

Testosterone

Testicle size

Height velocity one year before treatment
Change in IGF-1 first 3 months on treatment
GH dose

Estradiol

Change in target height difference past 12 months

Stimulated GH peak

IGF-1/IGFBP3 & Age at treatment start
Weight

IGF-1SDS & Age
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5 DISCUSSION

5.1 MAIN FINDINGS

The overarching aim of this thesis was to optimize GH therapy for short
children in a clinical setting, with a focus on identifying patients who were
most likely to benefit from therapy and enhancing approaches for personalized
treatment strategies.

Study 1 validated the Gothenburg prediction model and found that the model
successfully identifies short children who would benefit from GH therapy
while avoiding unnecessary treatment with potential risks. In comparison to a
Nordic study where 28% of children with GHD were classified as poor
responders, achieving a catch-up growth of less than 0.5 SDS after the
first year of GH therapy (153), our findings demonstrated that using the
Gothenburg prediction model in a clinical setting resulted in only 2 out of 121
children (less than 2%) being classified as poor responders.

Study 2 further advanced the use of predictive tools to avoid unnecessary
treatments and guide clinical decisions by comparing the available models to
facilitate their application. The study demonstrated that both the Gothenburg
and KIGS models achieved remarkable accuracy in predicting first-year
growth, with correlation coefficients of r = 0.99 and r = 0.991, respectively.
Furthermore, a direct comparison between the two models revealed an
impressive correlation of r = 0.995, underscoring their reliability and
consistency in clinical prediction. Given that both models demonstrate
exceptional accuracy, their use in clinical settings is highly recommended.

Study 3 highlighted the complexity of monitoring IGF-1 during early puberty
due to biological variability and identified the need of refined interpretation
tools to be able to optimize GH therapy. 15.5% of the prepubertal girls and
15.7% of the prepubertal boys were found to have pubertal levels of sex
steroids making the IGF-1 SDS levels to be difficult to interpret. This
misalignment between clinical pubertal status and biochemical markers can
lead to overestimation or misclassification of IGF-1 levels, potentially
resulting in inappropriate adjustments to GH dosing or misdiagnosis.
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Further comparisons were made to characterize the differences between low
and high IGF-1 SDS levels, aiming to identify key factors influencing IGF-1.
Significant differences were observed in GH doses, BMI (kg/m?), and sex
steroid levels between the groups. Given the complexity of IGF-1 and the
multitude of factors that affect its levels, more advanced and sophisticated
techniques are, however, required to further enhance its clinical utility of
IGF-1 as areliable biomarker for GH therapy monitoring and decision-making.

Study 4 introduces cutting-edge machine learning tools for personalized
treatment optimization. To demonstrate the superiority of more advanced
machine learning models, we included linear regression as a baseline because
the close resemblance to traditional statistical regression, offering a familiar
reference point for comparison. Symbolic regression emerged as the most
effective model, delivering the highest predictive accuracy (R? values of 0.47
and 0.51 for three and 12 months, respectively) while utilizing a minimal
number of predictors, underscoring its clinical practicality. EBM excelled,
however, in providing detailed insights into feature contributions and
relationships, making it particularly valuable for interpretability and
understanding the underlying factors influencing IGF-1 SDS predictions.

5.2 OPTIMIZING DIAGNOSIS WITH
PREDICTION MODELS

Diagnosing GHD is a complex process that still heavily relies on the subjective
judgment of clinicians and lacks alignment with evidence-based, universally
accepted practices. A systematic review, predominantly including data from
European countries, estimated the prevalence of GHD in children and
adolescents to range between 1 in 1,107 and 1 in 8,646 (81). This review
highlighted significant heterogeneity in diagnostic criteria across centers,
emphasizing the need for the scientific community to refine methodologies and
develop standardized, harmonized protocols for diagnosing and managing
GHD across regions.

Currently, the diagnostic approach includes a combination of medical history,
physical examination, biochemical testing, radiological assessments, genetic
evaluation, and some form of GH testing (82-84). However, the reliance on
clinician interpretation at multiple stages underscores the need for objective,
reproducible diagnostic tools to reduce variability and improve diagnostic
accuracy.
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Interpreting IGF-1 levels in the diagnosis of GHD has proven to be complex.
While the influence of puberty on IGF-1 levels has been extensively studied
(50, 154), it does not fully account for the nuanced effects of sex steroids on
IGF-1 levels, as highlighted in Study 3.

GH stimulation testing, considered the "gold standard" in many centers, often
results in a high rate of false-positive diagnoses of idiopathic GHD. In 35 of
36 short children, a GHD diagnosis may be false positive if relied upon solely
on a provocative test (105). Highlighting the issue of over-diagnosis is crucial,
as under-diagnosis, particularly of severe GHD requiring urgent treatment, is
relatively uncommon. Adding to the difficulty in interpretation, Henry
discusses in a review the arbitrary nature of the cut-offs for GH peak, which
have shifted between 5, 7, and 10 pg/L over time, further complicating their
reliability (155).

To facilitate the complex diagnostic process, our findings suggest that
prediction models could aid in identifying patients who are most likely to
benefit from GH therapy in terms of growth outcomes. Using the Gothenburg
prediction model to select children eligible for GH therapy reduced the
proportion of poor responders—defined as first-year catch-up growth below
0.5 SDS—to just 2%, compared to 28% in a Nordic study (153).

The initial clinical validation of the Gothenburg model resulted in a low R? of
0.17, characterized by an underestimation of low predictions and an
overestimation of high predictions. This pattern of under- and overestimation
aligns with findings by de Ridder et al. (156), who observed similar results
when clinically validating the KIGS model. The low R? is likely primarily due
to a time delay of several months between the prediction date and the start of
GH therapy, which significantly impacted the model’s performance.
Additionally, the omission of patients with predictions below 0.7 SDS from
the calculations may have further influenced the results.

To address this limitation, study 2 aligned the prediction date with the actual
GH start date, eliminating the time discrepancy. In this study, Pearson
correlation was applied to assess the linear relationship between observed and
predicted growth for both the Gothenburg and KIGS models. The results
showed excellent correlations (r=0.990, p <0.0001 for the Gothenburg model
and r = 0.991, p < 0.0001 for the KIGS model), underscoring the predictive
accuracy of both models when proper account is made for timing.
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The two prediction models were compared in Study 2, demonstrating a strong
correlation of r = 0.995, p < 0.0001 indicating that both models are equally
capable of predicting first-year growth on GH. The Gothenburg model bases
its predictions on a standard dose of 33 ug/kg/day, with broader inclusion
criteria and theoretically no upper limits for maximum GH peaks or parental
heights. However, a notable limitation of the model is its reliance on the
spontaneous maximum GH peak, a parameter not widely used. Additionally,
the Gothenburg model requires more detailed early growth auxology compared
to the KIGS model, which may limit its applicability in some clinical settings.

In contrast, the KIGS models, accessible through the online iGRO software
(131), require fewer input variables and offer dose-dependent predictions,
making them more user-friendly than the Gothenburg model. The KIGS
models were developed using data from a diverse cohort of investigators and
countries worldwide. However, the KIGS models do not allow predictions for
children over 10 years of age or for those with a birth weight below -2 SDS,
whereas the Gothenburg model includes children with birth weights as low as
-2.5 SDS, offering broader applicability in this regard.

The Gothenburg model had a narrower range of residuals (0.10 + 0.81 SD)
compared to the KIGS models (0.03 = 0.96 SD), indicating that the Gothenburg
model's predictions were slightly more consistent and showed less variability
relative to the observed data. This suggests that the Gothenburg model may
provide more stable predictions in a clinical setting.

A cost-effectiveness analysis based on the KIGS prediction models assessed
the economic benefits of using prediction tools in GH therapy. The study
included 5,333 GHD patients and 1,173 Turner syndrome patients from the
KIGS database, applying results to Germany (157). Patients were categorized
as high, average, or low responders, allowing tailored dosages or
discontinuation for ineffective therapy. The findings suggested that this
approach could significantly reduce both GH usage and overall costs while
maintaining comparable growth outcomes in the treated population.

As both the Gothenburg and KIGS models demonstrate exceptional accuracy,
their implementation in clinical practice is highly recommended. Choosing
between the two models depends on specific clinical needs and settings. The
choice of model should be guided by the availability of required input data, the
clinical setting, and the specific needs of the patient population.
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5.3 OPTIMIZING DOSING STRATEGIES
WITH PREDICTION MODELS

As outlined in the study's objectives, individualizing treatment strategies is a
key focus. Once patients have been accurately identified, the next challenge
lies in determining the appropriate GH dosage. The primary goals of GH
therapy for patients with GHD are to enhance growth velocity, facilitate the
normalization of growth during childhood, and achieve an adult height that
aligns with the child’s genetic potential (78).

Despite the well-documented variability in children's responsiveness to GH
therapy, current international guidelines continue to recommend weight-based
dosing due to insufficient evidence supporting alternative strategies (78).
One proposed approach is dose titration based on IGF-1 levels. This method
is, however, challenging due to the complexity and variability of IGF-1.
Factors such as age, gender, pubertal hormones, nutritional status, and
inflammation significantly influence IGF-1 levels. Interpretation is further
complicated by differences in assay methodologies and the use of varying
reference ranges.

Study 3, with its descriptive focus, highlights the challenges in interpreting
IGF-1 levels during the early pubertal years, where clinical pubertal
characteristics may not align with biochemical levels of pubertal hormones.
The study revealed a discrepancy between pubertal hormones and pubertal
status in early puberty, with 9 out of 48 (15.5%) samples from girls and 24 out
of 153 (15.7%) samples from boys displaying prepubertal characteristics
despite having hormone levels indicative of puberty. This misalignment
complicates the interpretation of IGF-1 SDS, as the reference ranges are based
on clinical pubertal characteristics. If the reference range were adjusted to early
puberty instead of prepubertal reference ranges, the IGF-1 levels in these
children would fall below the +2 SDS cut-off, thereby avoiding the need to
adjust the GH dose, which could potentially lead to suboptimal treatment.

To further explore the complexities of IGF-1 interpretation, we evaluated all
IGF-1 SDS data independently of pubertal staging, to assess different
characteristics of children with IGF-1 22 SDS or below. The group with higher
IGF-1 SDS showed significantly lower estradiol levels in girls and lower
testosterone levels in boys, and vice versa, aligning with our suspicion that
IGF-1 SDS is overestimated in early puberty due to the misalignment between
clinical pubertal characteristics and sex steroid levels.
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These findings underscore the need for tools that can account for the
complexities and variability in IGF-1 levels, especially during early puberty,
where overestimations are common. Prediction models integrating IGF-1,
alongside other variables, may provide a more accurate framework for
optimizing GH therapy.

To demonstrate the potential of more advanced prediction models constructed
by machine learning methods, we compared several models ranging from more
simple linear regression representing classical statistics to more complex
models like symbolic regression and EBM.

Symbolic regression and EBM are examples of white-box models, where the
internal decision-making process is fully transparent and interpretable. This
transparency offers significant advantages over black-box models, particularly
in fields like medicine, where understanding the reasoning behind predictions
is crucial. Despite the growing reliance on black-box models, such as neural
networks, model trustworthiness is strongly dependent on the quality and
reliability of the training data. For instance, a study by Zech et al. (158)
demonstrated that a neural network trained to interpret pulmonary X-rays
based its predictions on the presence of the word "portable" in the image
metadata rather than the actual medical content. This type of error highlights
the risks of black-box models, which can inadvertently latch onto spurious
correlations.

White-box models, like symbolic regression and EBM, inherently avoid these
pitfalls by providing clear, interpretable insights into how predictions are
made.

The success of a machine learning solution largely depends on the quality of
the data and the effectiveness of the chosen algorithms. When working with
real-world data, it is crucial to thoroughly investigate data collection methods.
Historical data often includes ambiguities, missing values, outliers, and
irrelevant information, highlighting the need for high-quality data to build an
effective model. A wide range of machine learning algorithms is available for
analyzing data and generating insights. However, selecting the right algorithm
for a specific application can be challenging, as the performance of each
algorithm varies depending on the characteristics of the data (159). The success
of a machine learning solution and its applications depends significantly on
both the data and the learning algorithms.
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Symbolic regression and EBM managed to predict IGF-1 SDS during
maintenance growth phase and puberty with an accuracy of R? up to 0.47 and
0.51, while also identifying key features. Artificial intelligence and machine
learning have previously been used to predict GH deficiency, growth outcome
or adherence to treatment (160-162), but not for IGF-1 prediction.

Studies in non-GH-treated populations have demonstrated that both low, and
high serum IGF-1 levels, even within the normal range, are associated with
increased cancer risk and overall mortality, emphasizing the critical role of
IGF-1 regulation for both treatment safety and efficacy (73). While models
designed to predict growth response may optimize growth outcomes, they do
not inherently address safety considerations, which can be managed by
focusing on IGF-1 as the predictive target.

The strong performance of symbolic regression models, coupled with their use
of a small set of easily accessible variables for both 3-month and 12-month
predictions, underscores their practical applicability and potential to improve
clinical decision-making. This aligns with previous studies where symbolic
regression has demonstrated value in medical applications (138) and
effectiveness with small datasets (163). A high-performing prediction model
requiring minimal input variables is, additionally, more practical for clinical
implementation, as it increases the likelihood that necessary data will be
readily available in routine practice.

Although EBM demonstrated marginally lower prediction accuracy compared
to symbolic regression, distinct advantages exist, particularly in illustrating the
relationships between features in fine detail. As such EBM excels in
identifying complex patterns, uncovering a broader range of contributing
features than symbolic regression. These strengths make EBM a valuable tool
for exploring and understanding intricate feature interactions within clinical
data.

EBM effectively captured the complex relationship between GH dose and the
3-month IGF-1 SDS prediction, a pattern not detected by linear regression. The
model revealed that doses around 0.039 mg/kg/day marked a transition from a
negative to a positive correlation with IGF-1 SDS, but at doses above
approximately 0.05 mg/kg/day, the relationship plateaued. This is consistent
with findings from Cohen et al. (119), who observed that higher doses beyond
0.05 mg/kg/day did not result in better growth outcomes. Notably, their study,
conducted during the catch-up phase of treatment, showed that boys still
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exhibited increases in IGF-1 levels at higher doses, in contrast to girls that did
not exhibit such increases. Our findings also align with these observations
despite focusing on a different phase of treatment, further supporting the dose-
response plateau at similar thresholds.

For IGF-1 predictions to be clinically applicable, a limit to the number of
predictors is crucial to ensure that the necessary data is readily available. We
thus believe that the IGF-1 prediction algorithms developed using symbolic
regression represent valuable clinical tools. These models have the potential to
facilitate more personalized GH dosing by accurately forecasting IGF-1
responses based on individual patient characteristics and parameters.

The advancements presented in this thesis underscore the transformative
potential of integrating prediction models into clinical practice. By harnessing
the interpretability of white-box models, such as symbolic regression, and
EBM, clinicians can make data-driven decisions with confidence; ensuring that
treatment strategies are not only effective but also safe. As these models
predict IGF-1 SDS with reasonable accuracy while also identifying key
contributing factors, they highlight their value in addressing both the
variability in patient response and the complexity of dosing strategies.

As the field evolves, the focus must shift toward refining these models for
broader clinical adoption. This includes improving data quality, standardizing
IGF-1 reference ranges, and ensuring the accessibility of these tools in
everyday practice. With these advancements, the path toward truly
personalized GH therapy becomes clearer — ushering in a new era of precision
medicine that directly benefits patients, optimizing outcomes while
simultaneously minimizing risks. This work not only contributes to scientific
knowledge but also sets a foundation for the future of individualized treatment
in pediatric endocrinology.

5.4 STRENGTHS

Clinical Impact and Practical Applicability

This thesis, particularly Study 1, demonstrates direct clinical impact by
showcasing the potential of prediction models to significantly reduce the
number of poor responders and unnecessary GH treatments. This minimizes
risks for patients and also enhances cost-effectiveness. Study 2 compared the
Gothenburg and KIGS prediction models, showing that both are highly
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accurate. This finding increases access to prediction tools by providing
clinicians with multiple effective options, enhancing their practical availability
and flexibility in clinical settings.

Study 3, with the descriptive character provides valuable insights into the
limitations of current IGF-1 reference ranges. The study underscores the need
for improved tools and prediction models that integrate these factors to
enhance the reliability of IGF-1 interpretation, ultimately aiding in the
optimization of GH therapy during critical developmental stages.

Development of machine learning prediction models in study 4, especially
through symbolic regression, highlights strong performance with minimal
input variables, making these models practical and ready for implementation
in routine clinical settings.

Novelty
This thesis represents several pioneering efforts.

- First clinical validation of the Gothenburg prediction model and also
the first clinical comparison of the Gothenburg and KIGS models.

- Address the challenges of interpreting IGF-1 levels during puberty,
identifying discrepancies between clinical and biochemical markers,
and proposing innovative prediction models to improve reliability. A
prediction model for IGF-1 SDS in children treated with GH after the
catch-up growth phase has not previously been developed using
advanced machine learning.

- Incorporation of state-of-the-art methods such as symbolic regression
and EBM introduces groundbreaking tools for clinical decision-
making and emphasizes personalized treatment approaches.

Cohort Strength

A key strength of this thesis is the use of a patient cohort in study 3 and 4 that
originates from a previous clinical trial. This provides highly structured,
reliable, and robust data, an uncommon advantage in studies relying on real-
world clinical data. Furthermore, the availability of longitudinal data within
this cohort adds an additional layer of robustness, allowing for the evaluation
of changes over time and enhancing the validity of the findings. This well-
curated and longitudinally rich dataset ensures the accuracy of the machine
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learning models and supports more comprehensive insights into the
effectiveness of GH treatment strategies.

Focus on Personalized Treatment

The thesis places a strong emphasis on tailoring GH treatment for short
children by utilizing both traditional prediction models and advanced machine
learning techniques to optimize individual outcomes.

Safety Considerations

By incorporating IGF-1 as a predictive target, the thesis balances the
optimization of growth outcomes with safety, addressing the risks associated
with abnormal IGF-1 levels.

Cost-Effectiveness

The ability of prediction models to tailor GH dosages improves economic
efficiency and aligns with evidence-based practices, ensuring resource
optimization while maintaining high standards of patient care.

5.5 LIMITATIONS

Limited Long-Term Data

Studies 1 and 2 focus on short-term outcomes, leaving the long-term impact of
prediction models unexplored.

Follow-Up Limitations

Study 1 effectively identified poor responders to GH therapy. However, a
significant limitation was the lack of follow-up for patients deemed ineligible
for treatment. Due to the retrospective nature of the study, monitoring the
untreated growth of these patients was not feasible, which might have
otherwise provided valuable data as a control group.

Assumption of Data Availability

Prediction models depend on detailed patient data, which may not always be
accessible in all clinical environments. For example, the Gothenburg model
requires early growth data, which is typically available in Swedish cohorts due
to the widespread use of child welfare centers but not always available in
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regions without such infrastructure. Obtaining the necessary data could pose a
significant challenge, potentially limiting model applicability.

Cohort size

While the machine learning models in study 4 demonstrated promising
accuracy, several limitations must be considered. A key challenge is the
reliance on the quality and structure of the input data. Although the dataset
used was highly structured due to its origin in a previous clinical trial, the
relatively small cohort size limits the generalizability of the findings to broader
populations. Machine learning models are inherently data-driven, where
performance and reliability heavily depend on the size and diversity of the
training data. A larger cohort could potentially enhance the accuracy and
robustness of these models.

Additionally, the relatively small cohort size increases the risk of overfitting,
where the model might perform exceptionally well on the training data but
struggles to replicate this performance on external or unseen datasets.

EBM identified key features influencing IGF-1 SDS predictions. While these
features provide valuable insights, the reliance on them is limited due to the
significant uncertainty highlighted in the EBM plots. The presence of these
grey areas suggests that while the models captured key trends, the predictions
for some data points may be less reliable, particularly in regions with sparse or
highly variable data.

These considerations highlight the critical need for future studies with larger
and more diverse cohorts to validate and refine the findings of Study 4.
A significant limitation of Study 4 is the insufficient number of girls, which
precluded meaningful statistical analysis. Given potential differences in how
girls respond compared to boys, further research is essential to enhance our
understanding of IGF-1 prediction and optimize GH therapy for both sexes.
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6 CONCLUSION

This thesis highlights the potential of integrating Al and prediction models into
clinical practice to optimize GH therapy for short children. By addressing the
complexities of correct GH diagnosis and GH dosing, enhancement of clinical
decision making with prediction models can be demonstrated in diagnostic
accuracy and treatment.

The validation of the Gothenburg prediction model and its comparison with
the KIGS models illustrate the significant progress that can be made in
identifying patients most likely to benefit from GH therapy. These models have
proven effective in reducing the number of poor responders, minimizing
unnecessary treatments, and hence leading to cost-effectiveness.

The thesis also shed light on the challenges of interpreting IGF-1 levels during
carly puberty, underscoring the need for refined tools that account for
biological variability in IGF-1. The use of advanced machine learning
methods, such as symbolic regression and EBM, further enhances the ability
to predict IGF-1 responses and offering tailored dosing strategies. Symbolic
regression combines high predictive accuracy with transparency, while being
clinically practical with the low number of clinical accessible features.

The findings presented here emphasize the importance of balancing efficacy
with safety. While growth optimization remains a key goal, the regulation of
IGF-1 levels is critical to reduce long-term risks, such as those associated with
abnormal IGF-1 concentrations. By focusing on personalized approaches to
both diagnosis and treatment, this work demonstrates the feasibility of
precision medicine in pediatric endocrinology.

This thesis provides a robust foundation for integrating prediction models into
routine clinical practice, paving the way for more personalized and effective
GH therapies. By leveraging advanced technologies and addressing key
clinical challenges, it outlines a pathway to improving patient outcomes,
ensuring accurate treatment delivery, and contributing to the broader vision of
precision healthcare.
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7 FUTURE PERSPECTIVES

Long-Term Impact Studies

Future research should focus on conducting longitudinal studies to evaluate the
long-term outcomes of using the Gothenburg and KIGS prediction models.
These studies would not only assess the achievement of adult height, but also
explore additional markers of sustained efficacy, such as long-term metabolic
health, quality of life, and psychosocial outcomes.

By following patients into adulthood, researchers can validate whether the
initial predictions and treatment strategies guided by these models continue to
benefit patients over time.

Improved IGF-1 Reference Ranges

Future research should focus on developing IGF-1 reference ranges based on
sex steroid levels rather than clinical assessments of pubertal status. As sex
steroid levels provide a more objective measure of pubertal progression
compared to clinical staging, such references would better align with the
biological variability in IGF-1 regulation. This approach could mitigate
discrepancies observed during early puberty, where clinical and biochemical
markers often misalign, as demonstrated in Study 3.

A potential approach would be developing individualized IGF-1 reference
ranges using multivariate regression models that incorporate key variables
such as puberty, BMI, and sex. These tailored reference ranges would address
the variability in IGF-1 levels influenced by these factors, thereby enhancing
diagnostic precision and improving clinical decision-making in GH therapy.

Study 4 in a Female Cohort

A significant limitation of Study 4 was the lack of a sufficient number of
female participants, leaving potential sex-specific differences unexplored.
Future research should replicate Study 4 with a focus on a female cohort to
address this gap.

Clinical Validation of Machine Learning Models

An important future step is the clinical validation of the machine learning
models developed in Study 4, including symbolic regression and EBM. While
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these models showed strong predictive accuracy in a structured dataset, testing
their performance on independent and diverse real-world cohorts is essential
to confirm their generalizability and reliability.

Clinical validation would assess their integration into routine workflows,
including ease of use, data availability, and practical application in real-time
clinical decisions. Comparing model predictions with actual patient outcomes
would ensure their accuracy and effectiveness in guiding GH therapy. This step
is crucial to translate the promising findings of Study 4 into practical tools for
personalized GH therapy, improving safety, dosing strategies, and patient
outcomes.
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