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Abstract
Skeletal fragility in type 2 diabetes mellitus (T2DM) is clinically important because
fracture risk may remain elevated even when bone mineral density (BMD) is normal or
increased. This discrepancy complicates screening, particularly when conventional
fracture-risk prediction tools do not account for diabetes-specific factors, propensity to
fall, or measures of bone quality. Glucose-lowering therapy may also affect skeletal
outcomes, with effects that vary by drug class, while methods for using artificial
intelligence (Al) to predict individual risk are advancing rapidly.
Objective: To summarize the evidence on fracture risk in adults with T2DM, the
limitations of current risk-assessment tools, the effects of glucose-lowering therapy on
skeletal outcomes, and the potential role of Al in personalized fracture prevention.
Methods. The search covered four predefined thematic areas: “diabetes and osteoporosis
or fractures,” “traditional fracture-risk assessment and trabecular bone score,” “glucose-
lowering therapy and skeletal outcomes,” and “artificial intelligence/machine learning
and fracture prediction.” The main synthesis covered publications from 2020 to 2026.
Twenty records from a selected, bibliographically verified reference set were reviewed;
19 were included in the qualitative analysis. These figures do not represent the full
volume of the initial database search results. One landmark earlier cohort study was used
for contextual discussion only.
Results. Current evidence confirms an increased incidence of fractures in T2DM and
indicates that BMD and standard calculated risk estimates may not fully capture skeletal
vulnerability. The most consistent adverse skeletal signal has been observed with
thiazolidinediones. Findings for incretin-based therapies are generally neutral or
favorable, although they vary according to treatment duration and study design. Al
models have demonstrated promising discriminatory performance in certain
populations; however, heterogeneity in outcome definitions and limited external
validation do not yet support claims of universal superiority over conventional tools.
Conclusion. Fracture prevention in T2DM should be based on an integrated assessment
of skeletal, metabolic, and fall-related factors. Clinical implementation of Al requires
transparent reporting, calibration, and external validation.
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1. Introduction

In adults with type 2 diabetes mellitus (T2DM), a
reassuring DXA result does not always imply a low
probability of fragility fracture. Bone mineral density
(BMD) may be maintained while material properties
and trabecular structure deteriorate. Long-standing
hyperglycaemia, reduced bone turnover, diabetic
microvascular complications and impaired balance
contribute through different pathways [1-3]. This
distinction matters at the outpatient visit: skeletal
assessment should not end when the T-score falls
outside the osteoporotic range.

The discrepancy between measured BMD and
observed fractures is also a limitation of risk estimation.
FRAX provides a standardized 10-year probability, but
T2DM is not entered as a separate clinical variable.
Clinicians should therefore interpret the estimate
alongside diabetes duration, prior low-trauma fractures
and fall susceptibility [6,7]. Trabecular bone score (TBS)
provides complementary information about lumbar
trabecular texture; it neither diagnoses fracture risk on
its own nor replaces DXA [8,9].

Medication history adds another layer of clinical
interpretation. Glucose-lowering classes differ in their

2. Materials and methods

Review design

We undertook a structured, qualitative review of a
curated evidence register. The available documentation
does not contain a complete reproducible database
yield or independent duplicate-screening record.
Accordingly, this manuscript is not described as a
PRISMA-compliant systematic review, and the
selection summary must not be interpreted as a
conventional PRISMA flow diagram.

Information source and search strategy

A structured search of PubMed-indexed literature
was completed on 1 October 2026. The search was
organized into four prespecified thematic blocks:
“T2DM with osteoporosis or fracture”, “T2DM with
FRAX, TBS or other fracture-risk assessment”, “T2DM
with antidiabetic therapy and skeletal outcomes”, and
“T2DM with Al/machine learning for osteoporosis or
fracture prediction”. Search terms combined controlled
concepts and free-text keywords with Boolean
operators. Reference lists of relevant reviews were used
to identify potentially missed records, after which every
candidate citation was checked against a PMID and/or
DOI before inclusion in the evidence register.

Eligibility criteria

Publications were considered eligible when they
addressed adults with T2DM, or provided a separable
T2DM subgroup, and reported outcomes related to
fragility fracture, osteoporosis, BMD or bone quality,

associations with fractures, and apparent effects are
sensitive to exposure time, comparator treatment and
study design [11-15,22]. A history of hypoglycaemia is
also relevant to falls. These considerations should be
weighed against glycaemic, cardiovascular and renal
indications rather than used as a stand-alone basis for
changing treatment.

Prediction algorithms may integrate clinical,
laboratory and functional variables that conventional
calculators represent only partially. However, a model
that performs well in a development sample may be
poorly calibrated in another clinic. For Al-based
fracture prediction, the clinically meaningful question
is whether it changes identification and management of
high-risk patients after independent validation [16-19].

This review examines evidence on four closely
related decisions in T2DM care: recognizing diabetic
skeletal fragility; interpreting FRAX, DXA and TBS;
accounting for drug-related skeletal effects; and
assessing the readiness of Al prediction models for
outpatient use. The emphasis is on what the evidence
supports in practice and where uncertainty remains.

fracture-risk estimation, falls relevant to fracture risk, or
predictive modelling. The main evidence window was
2020-2026. Primary research, systematic reviews, meta-
analyses and clinically relevant reviews were eligible
when methods and outcomes were sufficiently
described for interpretation.

Records were excluded when they concerned type
1 diabetes alone, did not provide diabetes-specific
results, described Al applications unrelated to bone,
fracture or fall outcomes, or lacked sufficient
methodological detail. Publications predating 2020
were not included in the formal synthesis, although
landmark evidence could be cited separately when
needed to explain the historical development of a risk-
assessment issue.

Study selection and data extraction

The curated register contained 20 unique
bibliographic records. Nineteen publications dated
2020-2026 were included in the thematic synthesis. One
study published in 2012 was cited to explain the
historical recognition of FRAX underestimation in
diabetes, but was not counted among the 19 recent
publications. The initial number of PubMed hits and
duplicates removed cannot be reconstructed from the
available register (Figure 1).

Risk-of-bias and evidence interpretation

The evidence set included several study designs
for which a single appraisal tool would not be
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appropriate. No formal study-by-study risk-of-bias
ratings are provided in the present manuscript;
methodological limitations were considered narratively
by study design. Particular attention was paid to
sample size, representativeness, outcome definition,
external validation, heterogeneity in pooled analyses,
and whether reported predictive performance reflected
internal or external testing.

Data synthesis

Findings were grouped into four domains: diabetic
skeletal fragility and fracture epidemiology;
conventional risk assessment and bone-quality

measures; pharmacological influences on skeletal
outcomes; and AI/ML-based prediction. Numerical
results were reported only when they could be traced
directly to a verified source. Because the underlying
studies differed markedly in population, outcome
definition and analytic method, no additional pooled
effect estimate was calculated.

Evidence-register selection. Verified curated
records (n=20) — Earlier contextual publication from
2012 (n=1) — Publications synthesized qualitatively
from 2020-2026 (n=19). Original database hits,
duplicates and full-text exclusion counts: not available.

Bibliographically verified evidence register

20 unique publications (n = 20)

Y

Y

Included in qualitative synthesis
2020-2026 publications (n = 19)

Retained for contextual discussion
2012 landmark cohort (n = 1)

Search-stage counts not available
Initial database hits, duplicates and excluded full texts
were not documented in the curated register

Figure 1 - Selection summary for the curated, bibliographically verified evidence register (20 records considered; 19
included in qualitative synthesis; one 2012 study retained for contextual discussion). This is not a PRISMA 2020 database-
search flow diagram because identification and deduplication counts are unavailable

3. Results

Study selection and characteristics

The curated and bibliographically checked register
comprised 20 unique publications; the number of
records initially retrieved and removed as duplicates
was not available in the present report. One cohort
study published in 2012 was outside the predefined
2020-2026 window and was therefore not included in
the qualitative synthesis, although it was retained as a
contextual landmark citation. Nineteen publications
met the criteria for qualitative synthesis. The included
evidence consisted of 16 reviews or meta-analyses and
three primary studies, spanning epidemiology, risk
assessment, bone quality, pharmacotherapy and
predictive modelling (Table 1).

Fracture risk and diabetic bone fragility

The clearest contemporary estimate came from a
2026 meta-analysis of 22 cohort studies comprising
13,074,868 participants.

T2DM was associated with a higher overall
fracture risk (HR 1.25, 95% CI 1.20-1.31), with a stronger
association reported for lower-limb fractures (HR 1.43,
95% CI 1.30-1.57) [5]. These data reinforce that the
skeletal consequences of T2DM are clinically
meaningful at a population level and extend beyond
changes in BMD alone.

The clinical implication is not simply that BMD is
an imperfect marker. A normal or elevated
measurement in a patient with T2DM needs to be
interpreted together with a prior fragility fracture,
neuropathy, visual impairment and the likelihood of
falling. The literature supports additional assessment
where these features coexist, but does not establish a
single universally valid diabetes-specific threshold [1-
3].
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Table 1 - Characteristics of the 19 studies included in the structured evidence synthesis

ID Year Evidence domain Study type Population / sample Main contribution
Al fracture Patients with diabetes; Reviews FRAX/QFracture/Garvan
1 2023 .. Review review of conventional limitations and Al-based fracture
prediction Ce .
tools and Al prediction in diabetes.
Al / fracture . . o Machlr}e-learrung Stl:ldy speglfllcally
2 2024 .. Original ML study Patients with diabetes addressing fracture-risk prediction in
prediction .
diabetes.
. Systematic review comparing Al
13 studies; 24,489 - .
3 2025 Al / osteoporosis Systematic review stues prediction performance with DXA and
patients
FRAX.
Summarizes FRAX, Garvan and
4 2022 Risk tools / FRAX Review People with diabetes QFracture; notes diabetes-specific
limitations and possible adjustments.
Shows that fracture risk in T2D is not
5 2024 Diagnosis / BMD Systematic review Diabetes populations sufficiently explained by BMD/T-score
alone.
: : R hich -
6 2025 Epidemiology Systematic review Observational studies eports ener osteoporf)sls and
and meta-analysis fracture risk in people with T2D.
. . Systematic review 22 studies; 13,074,868 T2D associated with increased fracture
7 2026 Epidemiology . g . o e o
and meta-analysis individuals risk, with site-specific differences.
FRAX showed acceptable
h icti 14 ol Its with iscriminati 1
8 2025 Risk tools / FRAX Cohort / prediction 96,914 o (%er adults wit dlSCI‘l.mlnatIOIjl O\Tert’:l but
performance diabetes underestimated risk in important
subgroups.
T2D i ith 1 TB i
. Systematic review 27 studies; 16,354 assoc1a'ted with lower TBS despite
9 2025 TBS / bone quality . . generally higher BMD; supports bone-
and meta-analysis subjects .
quality assessment.
11 original studies; .
ts TB tentiall ful
10 2023 TBS / bone quality Narrative review N=4,653 in sample- Supports TBS as a poten Aty usetu
. complement to BMD in T2D.
based analysis
.. Compares fracture risk across major
11 2022 Pharmacotherapy / Network r.neta- 161 Smdl?S' 191,361 antidiabetic drug classes; results differ
fracture analysis patients
by class.
Svstematic review Long-term thiazolidinedione exposure
Pharmacotherapy / Y 7 RCTs + 3 propensity-  increased fracture hazard, particularly
12 2024 and network meta- . .
fracture . score NRSs in women; other classes did not show
analysis .
clear excess risk.
Pharmacotherapy / Systematic review Evaluates BMD and bone-turnover
13 2024 Py Yy . 19 RCTs; 4,914 patients markers across antidiabetic therapies;
BMD and meta-analysis .
evidence heterogeneous.
. Pooled analysis reported lower fracture
Pharmacotherapy / Meta-analysis of 44 RCTs; 47,823 . . .
14 2025 . risk with GLP-1 receptor agonists
GLP-1 RCTs patients .
versus placebo/other therapies.
. Recent comparative evidence on
15 2025 Pharmacotherapy / Network r.neta- 242 ?,tuc~1u?s, 234,759 fracture outcomes and BMD across
fracture analysis individuals e
antidiabetic treatments.
Pharmacotherapy / Systematic review 117 RCTs; 221,364 La?rge network meta-anal}{sis; effects
16 2021 and network meta- . varied across drugs and estimates were
fracture . participants
analysis heterogeneous.
Summarizes limitations of DXA/FRAX
B li T2D bone fragilit
17 2022 one qua ity / Narrative review one Hagtity and newer approaches including TBS,
microstructure literature

HR-pQCT and biomarkers.
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Table 1 (Continuation) - Characteristics of the 19 studies included in the structured evidence synthesis

ID Year Evidence domain Study type Population / sample Main contribution
. .. . Shows practical application of FRAX
18 2023 Risk tools / clinical ?rf)ss-sectlonal / Adults with T2D and a high burden of fracture-risk
practice clinical assessment .
factors in T2D.
Bone frasilit Clinical overview of diabetic skeletal
19 2021 .g y Narrative review T2D fragility, medication effects, and
overview

limitations of FRAX/DXA.

FRAX, TBS and conventional risk assessment

FRAX, Garvan FRC and QFracture are used to
estimate fracture probability, but their inputs and target
populations differ. In T2DM, the omission of diabetes-
specific features can affect calibration, especially in
particular patient subgroups [6,7]. A calculated
probability should therefore be treated as one element
of clinical assessment, not an automatic referral or
treatment decision.

TBS may partly address the gap between bone
mass and bone quality. A 2025 systematic review and
meta-analysis encompassing 27 studies and 16,354
participants found lower TBS values in people with
T2DM despite the tendency toward higher BMD [8]. An
updated review reached a similar conclusion and
suggested that TBS can complement, rather than
replace, standard densitometric assessment [9]. The
value of TBS in routine care nevertheless depends on
availability, standardized interpretation and evidence
that its use changes clinical decisions.

Pharmacological dimensions

Six included evidence syntheses examined the
skeletal effects of glucose-lowering treatment. Their
conclusions were not uniform, largely because they
differed in drug classes, comparators, duration of
follow-up and chosen skeletal endpoints. A 2021
network meta-analysis of 117 randomized trials
involving 221,364 participants found meaningful
between-class variation in fracture outcomes [11]. A
separate 2022 network meta-analysis of 161 studies and
191,361 patients likewise showed that fracture risk was
not distributed evenly across treatment classes [12].

Longer exposure appears particularly relevant for
thiazolidinediones. A 2024 one-stage network meta-
analysis (seven randomized trials and three propensity-
score-matched observational studies) reported an
overall 42%  higher fracture hazard with
thiazolidinediones (95% credible interval, 3%-97%).

The reported hazard ratio after four years was 2.74
(95% credible interval, 1.53-4.80), with a stronger
association among women (HR 2.19; 95% credible
interval, 1.26-3.74). These estimates are study-specific
and should not be generalized to every treatment
setting [22]. By contrast, a 2024 systematic review of 19

randomized trials involving 4,914 patients found that
effects on BMD and bone-turnover markers varied
across therapies and were often limited by
heterogeneity and short follow-up [13]. A larger 2025
network meta-analysis reached a similarly cautious
conclusion, emphasizing that treatment comparisons
should not be interpreted without regard to patient
characteristics and exposure duration [15].

For GLP-1 receptor agonists, a meta-analysis
published in 2025 of 44 randomized trials and 47,823
participants reported a pooled fracture risk ratio of 0.77
(95% CI 0.61-0.96) compared with placebo or other
glucose-lowering treatments [14]. Although this
suggests a potentially favorable association, fracture
outcomes were not the primary endpoint of many
contributing trials. The result is therefore more
appropriately viewed as a supportive safety signal than
as a basis for selecting therapy solely to prevent
fractures (Table 2).

Al and machine-learning prediction

The reviewed Al literature addresses different
prediction targets and uses datasets of unequal size and
composition. This is important when interpreting
apparently comparable AUC or accuracy values: a
model predicting prevalent osteoporosis is not directly
comparable with one predicting incident fracture. The
2023 review identified potential benefits of more
flexible models but also limited independent validation
[16].

In a diabetes-specific clinical ML study, feature
selection was combined with several algorithms for
fracture prediction. The Random Forest model achieved
a reported predictive accuracy of 93.87% [18]. This
finding demonstrates the technical potential of ML, but
the result represents performance within the study
setting and cannot by itself establish generalizability to
other populations, clinical workflows or health systems.

A 2025 systematic review comparing Al-based
fracture prediction with DXA and FRAX included 13
studies and 24,489 patients. Across the included Al
studies, the mean reported AUC was approximately
0.93, with high sensitivity in several comparisons [17].
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Because = model  architecture,  population
characteristics, outcome definitions and validation
strategies differed substantially across studies, the

pooled descriptive estimate should not be interpreted
as a universal performance benchmark.

Table 2 - Selected verified quantitative findings relevant to clinical interpretation

Evidence Population Main estimate Interpretation Reference
22 cohort studies; o Fracture risk is higher in
T2DM and oV erall 13,074,868 HR 125 (95% CI T2DM across multiple skeletal [5]
fracture risk - 1.20-1.31) .
participants sites
Lower-limb fracture Same meta-analysis HR 1.43 (95% CI Iljl?r;:r?lizljz/lgoi)etlﬁéir‘:lﬁg [5]
risk in T2DM y 1.30-1.57) p .
prevention
GLP-1 receptor JRCTs; 47,823  RR077(95%Cl 1 otential favorable signal; not
. . sufficient alone to drive [14]
agonists and fracture patients 0.61-0.96) o
prescribing
Al fracture prediction 13 studies; 24,489 Mean reported Promising discrimination, l?ut
. . . AUC between-study heterogeneity [17]
systematic review patients . . . .
approximately 0.93 limits direct comparison
. . Random Forest Strong internal performance;
Diabetes-specific ML Clinical ML study  predictive accuracy external validation remains [18]

fracture model

93.87%

necessary

Implications for personalized therapy

Risk assessment is most useful when it leads to a
specific clinical action. For example, previous low-
trauma fracture or recurrent falls may warrant further
evaluation even when BMD is not markedly reduced.
Peripheral neuropathy, visual disturbance,
hypoglycaemic episodes and treatment history should
be documented because they may influence both
fracture probability and the feasibility of prevention.

4. Discussion

Three issues emerge from the evidence. First, BMD
alone can understate skeletal vulnerability in T2DM.
Second, estimates of medication-associated risk differ
across drug classes and study methods. Third, the
apparent advantage of Al models is not yet equivalent
to demonstrated clinical benefit. These issues are linked
in practice, but they require different forms of evidence
and should not be combined into a single performance
claim.

The epidemiological evidence is now substantial.
The 2026 meta-analysis involving more than 13 million
participants demonstrates that the excess fracture risk
associated with T2DM is not confined to a single
skeletal site [5]. This finding supports routine attention
to skeletal health in diabetes care, especially in patients
whose risk is amplified by age, long disease duration,
neuropathy or recurrent falls.

Risk estimation remains difficult because
commonly used tools were developed for broad
populations rather than the full diabetic phenotype.
FRAX continues to provide a useful standardized

A practical outpatient assessment may begin with
fracture and fall history, proceed to medication and
diabetes-complication review, and then incorporate
established fracture-risk tools and DXA when clinically
indicated. TBS can provide supplementary information
where available. An Al-derived score should be
introduced into this sequence only after local
calibration, external validation and a clear plan for
managing positive and negative results.

comparator, yet its output should not be treated as self-
sufficient in T2DM. TBS offers one way to capture
information related to trabecular texture and may be
particularly informative when BMD appears reassuring
despite substantial clinical risk [8,9].

The medication findings require careful
qualification. Increased fracture risk with prolonged
thiazolidinedione exposure has support in comparative
evidence, particularly among women [22]. For GLP-1
receptor agonists, pooled trial results are more
reassuring, but fractures were often secondary or
uncommon outcomes [14]. Neither pattern should be
interpreted as a universal prescribing rule; duration,
baseline risk, competing indications and certainty of
evidence matter.

The performance of an Al tool should be judged
against a clinically relevant comparator in the
population where it will be used. Important measures
include calibration, discrimination with uncertainty
intervals, rates of missed high-risk patients and the
consequences of additional referrals. Independent
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validation is a prerequisite for claims that a model can
improve care beyond the development setting.

In Kazakhstan, the existing country-specific FRAX
model offers a defined comparator for outpatient
research. A prospective evaluation could assess
whether diabetes duration, complications and falls
history improve risk stratification after accounting for
FRAX. The same study would need to assess access to
confirmatory DXA and completion of preventive care;
otherwise, better prediction could leave the clinical
pathway unchanged.

Strengths and limitations

The principal contribution of this review is its
explicit separation of clinical, pharmacological and
prediction-model evidence. Bibliographic identifiers

5. Conclusion

Patients with T2DM may have clinically
meaningful fracture susceptibility despite relatively
preserved BMD. Assessment should combine prior
fractures, falls, diabetes-related complications and
medication exposure with validated clinical tools; TBS
may complement DXA where available. The evidence
concerning glucose-lowering therapy is heterogeneous,
although prolonged thiazolidinedione use warrants
particular attention to skeletal safety. Al models are
promising research tools, but outpatient adoption
should follow independent validation, calibration and
evaluation of referral consequences. The immediate
priority is a reliable clinical pathway that identifies
patients who can benefit from assessment and
prevention.
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Tyiingeme

2-TunTi KaHT anabeti (2-tunti K/) kesiHaeri cyiiek ocaaAbIFBIHBIH KAMHMKAABIK MaHBI3BI 30p, OMTKeHi CylfeK
TiHiHiH MUHepaaAbIK THIFBI3ABIFBI (CTMT) KaAbIIITE HeMece JKOFapbl O0AFaHHBIH ©3iHAe CBIHY KayTIIi >KOFaphl O0ABII
KaAybl MYMKiH. ATaAFaH ColiKecci3AiK CKPMHMHT XYPrisyai KUbIHAATaAbl, acipece A9CTypAai CBIHY KayIliH Ooa’Kay
Kypaagapsl KA-ine ToH dakropaapasl, kyaay OeifiMAiAiriH >koHe cyiieK callachIHBIH KOPCETKIIITepiH eckepMereH
Kargaiiga. KaHTTel TeMeHAeTeTiH eMHiH Jde acepi Oap: A9piaik 3aTTap KaAacTapbIHBIH CylieKKe bIKIaAbl 9pTypAi.
CoHbpIMeH KaTap >KeKe ChIHy KayIiH Ooa)Kayfa apHaaAfaH >KacaHAbl uHTeAAeKT (JKU) aaicTepi KapKBIHABI JaMBIII
KezeAi.

Moayasy wmakcater: 2-tunti K/ Oap epecekTepderi chbIHY KayIli, OHBI 0OaFralayAblH KOAJAAHBICTAFbI
KYpPaaAapbIHBIH IIIeKTeylepi, KaHTTBI TOMeHAeTeTiH eMHiH cylieKke acepi >KoHe CHIHYABIH JepOecTeHAipiareH
npoduaakrukacsiHAarel JXKV-AiH bIKTMMaA peai Typaasl AepeKTepai >KIHaKTay.

Daicrepi. Izgey aaapin asa GeariaenreH 4 TaKbIPLIITHIK 040K OONBIHINA KYpPriziagi: «kKaHT AmabeTi >KoHe
OCTeOIIOpPO3 HeMece ChIHyJap», «ChIHYy KayIliH AdcTypAai OaFaaay >KoHe TpabeKyaAaAblK CyMeK MHAEKCi», «KaHTTHI
TOMEHJETETiH eM >KoHe CYJIeKKe KaTBICThl HOTIDKeAep», COHJal-aK «KacaHAbl MHTEeAAeKT/MaIllHAABIK, OKBITY >KoHe
ChIHyAbl Ooaxkay». Herisri cunresre 2020-2026 >xplagaphl >KapusadaHFaH eHOeKTep eHrisiagi. Ipikrearen opi
61banorpadusabIK, TeKCepyAeH OTKeH gepekkesdep Tisizimingeri 20 >kasba KapacTBIPBLABII, OHBIH 19-BI cartaabIk
Taajayfa eHTisiaai. ATaaraH KepceTkimTep isgey ©OasachlHAaFbl OacTamKbl HoTIDKeAepAiH TOABIK KeJAeMiH
KamTeiMaliael. 2020 >KblaAaH epTepek >KapusdaHFaH Oip MaHBI3ABI KOTOPTAaABIK 3€pTTey TeK KOHTEKCTiK TaAKbliay
YIIiH ITaligaaaHblAABL.

Hoatmxeaepi. Kasipri aepekrep 2-tunti K/ kesinae cbIHY >KMiAiriHiH >KOFaphl eKeHiH pacTaiigsl skoHe CTMT
MeH CTaHAAPTTHI eCeITiK KOPCETKIIITep CylieK 0CaaABIFbIH TOABIK, CUIIaTTaMaybl MYMKiH eKeHiH KepceTeai. Cyiiekke
€H TYPaKTHI KaFbIMCBI3 9Cep TUA30AUAMHAVOHAAD YIIIiH aHBIKTaAFaH. VIHKpeTMHAIK eMre KaTBICTHI HOTIKeAep KoOiHe
OeriTapall HeMece KOJaliAbl OOJAFaHBIMEH, €M Y3aKTHIFbIHA >KoHe 3epTTey Au3aliHbIHa OallAaHBICTHI e3repedi.
Kexeaeren nmonyasuuaaapaarsl XK Mogeabaepi cbiHy KayIiH a’KbIpaTy KaOileTi TYpPFBICBIHAH YMIT KyTTipeTiH
HOTIKeAep KopceTTi. Aaaliga COHFBI HYKTeAepAiH opKeAKiAiri MeH ChIPTKBI BaAMAAUVITHBIH JKeTKiAiKCi3Airi o1apAbIH
AdCTYpAi KypaadapaaH >KaAllblFa OipJeli apThIK eKeHiH TY>KBIPBIMJayFa 93ipIie MyMKiHAIK OepMeriai.

Kopuitemasl. 2-tunti K/ kesinge cbIHyAbIH aaAbIH aAy CylieKKe, 3aT aAMacy¥a >KoHe KyJay KayIliHe KaTbhICThI
daxropaapasl kemenai 6arasayra Herizgeayi kepek. JKIV-ai KAMHMKAABIK TaXXipuOere eHrisy YINiH HOTMKeAepAl
alIbIK TypAe OasiHAay, MOJdeabAepai KaauOpaey 5KoHe CBIPTKBI BaAuAalisiaH ©TKi3y KaKeT.

Tyitin cesgep: 2-TmnTi KaHT AmabeTi, OCTeOIIOpO3, >KacaHABl MHTEAAEKT, MaIlMHaABIK OKEBITY,
AepOecTeHAipiaTeH MeAULINHA, CBIHBIK KayIIi.
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Pesiome

CkezeTHas XpyIKOCTb IIpY caXapHOM AuadeTe 2 TUIIa UMeeT BaXKHOe KAMHIYeCcKoe 3HaueHle, ITIOCKOABKY PUCK
Ilepe/l0MOB MOXKET OCTaBaThCsl IIOBLIIIIEHHBIM Ja’ke IIPU COXpaHEeHHOM MAY YBeAYeHHO MUHepaAbHOI M10THOCTHU
KOCTHOM TKaHU. Takoe HecOOTBETCTBUE YCAOXHsAET CKPMHUHI, OCODeHHO KOrJa TpaAUIIMOHHBIE MHCTPYMEHTHI
IIPOTHO3MPOBAHM:I IIePe1OMOB He YUUTHIBAIOT creluduieckne AAs caxapHOro Amabera ¢paKTOpbl, CKAOHHOCTb K
MaJeHMsAM U TIOKasaTeAM KauecTBa KOCTU. /lOITOAHUTeAbHOe BAMSHME OKa3blBaeT CaXapOCHIKalollasl Teparus,
KAacchl KOTOPOJI pa3AMdaloTcsa IO CKeAeTHBIM d¢deKTaM, a TakKe OBICTpOe pa3BUTHE METOAOB MCKYCCTBEHHOTO
MHTeAAeKTa A48 UHAUBUAYaAbHOTO IIPOTHO3UPOBAHMS PUCKA.

Llear oG3opa: oDoOIIeHMe AaHHBIX O PUCKe IepPeAOMOB Yy B3POCABIX C CaXapHBIM JAuabeToM 2 Twula,
OTrpaHMYEHNAX CYILIEeCTBYIOIINX MHCTPYMEHTOB OIIeHKY, BAMSHUN CaXapOCHM>KAIOIIIero Ae4eHsI Ha KOCTHBIEe MCXOAbI
1 Bo3MO>kHOII poan VIV B mepcoHaAn3MpoBaHHON TpOodNUAaKTHKe ITIepeA0MOB.

Metoapl. ITonck BBITIOAHEH IO YeThIpeM 3apaHee OIlpejeleHHBIM TeMaTudeckKuM 010KaM: “caXxapHBblil AnabeT
1 OCTeOIIOpO3 MAM TlepeAoMbl”, “TpajuIOHHas OlleHKa pICKa IlepeAOMOB U TpaOeKyAsSpHbINI KOCTHBIN MHAEKC”,
“CaxapOCHIKAIOIIasl Tepamysl U CKeAeTHble MCXOAbl” UM “MCKYCCTBEHHBIVI MHTeA/AeKT/MaIllMHHOe OOydeHMe U
MpoTHO3UpoOBaHue mepeaoMoB”’. OCHOBHON cuHTe3 oxBaThiBaa IyOamkanuy 2020-2026 roaos. Paccmorpenst 20
3ammce’t u3 oToOpaHHOTO OmbOAmMorpaduyeck IPOBEPEHHOIO peecTpa, 13 HUX 19 WCTOYHMKOB BOIIAM B
KauecTBeHHBI aHaAM3. YKazaHHbIe ITOKa3aTeAl He OTpakaloT Bech 00beM IepBOHavabHOI BbIAa4ul IIOMCKOBOI Oashl,
0/4Ha 6oaee paHH:s 3HaKOBasl KOTOpTHasl paboTa MCII0Ab30BaHa TOABKO 4151 KOHTEKCTHOTO OOCY KAEHUA.

Pesyapratnl. CoBpeMeHHBIEe AaHHBIE TOATBEpP>KAAIOT IOBBIIIEHHYIO YacTOTYy IepeAOMOB MpPU CaXxapHOM
AuabeTe 2 TUIIa U TOKa3bIBAIOT, YTO MUHEpaAbHas ITAOTHOCTh KOCTHOI TKaH! U CTaHAapTHbIE pacdyeTHbIe ITOKa3aTeAn
MOTIYT HEIMOAHO OTpa’kaTh CKeAETHYIO yaA3BMMOCTh. Hanboaee ycToitamBbii HeOAarONPUATHLIN CKeAEeTHBI CUTHaA
BBISIB/AEH A5 TUa30AUAMHANOHOB. Pe3yAbTaThl IO MHKPETMHOBOI Teparmni Jallle HeTpaAbHble NAY 0AarONpUsTHEIE,
O/HaKO 3aBUCAT OT AAUTEeABHOCTU A€4eHNs U AM3aliHa uccaeaopannii. Mogean VI 4eMOHCTpUPYIOT HePCIEKTUBHYIO
AVCKPMMMHAIIVOHHYIO CITIOCOOHOCTh B OTA€ABHBIX BBIOOpKax, HO HEOJHOPOAHOCTh KOHEUHBIX TOYeK M HeAOCTaTOK
BHeIITHell BaAMAaliuy IOKa He IO3BOASIOT YTBEP>KAaTh MX yYHUBepcalbHOe IIPEeBOCXOACTBO HaJ, TPaiUIIMOHHBIMU
MHCTPYMeHTaMU.

BoiBoanl. Ilpoduaaktuka IepeaOMOB IpU caxapHOM Juabere 2 Tulla AOAXKHA OCHOBBIBATBCSI Ha
VMHTETPUPOBAHHO OIleHKe CKeJAETHBIX, MeTabDOoAMYeCKUX M CBSA3AHHBIX C MajeHUsAMU (PaKTOpOB, a KAMHIYECKOe
BHeApeHne V1 TpeGyeT Mpo3padyHOil OTYETHOCTY, KaAMOPOBKY U BHEIIIHel BaAuAalumn.

Karouesble caoBa: caxapHbIll AnabeT 2 TiUIIa, OCTEONIOPO3, MCKYCCTBEHHBI MHTEeAAeKT, MalllMHHOe OOyJeHue,
IepCcoHaAU3MpOBaHHAas MeAUIIMHA, PUCK IIePeAOMOB.
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