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Background

Hypoglycemic episodes cause varying degrees of damage in the functional system of elderly inpatients with type 2 diabetes mellitus (T2DM). The purpose of the study is to construct a nomogram prediction model for the risk of hypoglycemia in elderly inpatients with T2DM and to evaluate the predictive performance of the model.





Methods

From August 2022 to April 2023, 546 elderly inpatients with T2DM were recruited in seven tertiary-level general hospitals in Beijing and Inner Mongolia province, China. Medical history and clinical data of the inpatients were collected with a self-designed questionnaire, with follow up on the occurrence of hypoglycemia within one week. Factors related to the occurrence of hypoglycemia were screened using regularized logistic analysis(r-LR), and a nomogram prediction visual model of hypoglycemia was constructed. AUROC, Hosmer-Lemeshow, and DCA were used to analyze the prediction performance of the model.





Results

The incidence of hypoglycemia of elderly inpatients with T2DM was 41.21% (225/546). The risk prediction model included 8 predictors as follows(named ADOCHBIU): duration of diabetes (OR=2.276, 95%CI 2.097˜2.469), urinary microalbumin(OR=0.864, 95%CI 0.798˜0.935), oral hypoglycemic agents (OR=1.345, 95%CI 1.243˜1.452), cognitive impairment (OR=1.226, 95%CI 1.178˜1.276), insulin usage (OR=1.002, 95%CI 0.948˜1.060), hypertension (OR=1.113, 95%CI 1.103˜1.124), blood glucose monitoring (OR=1.909, 95%CI 1.791˜2.036), and abdominal circumference (OR=2.998, 95%CI 2.972˜3.024). The AUROC of the prediction model was 0.871, with sensitivity of 0.889 and specificity of 0.737, which indicated that the nomogram model has good discrimination. The Hosmer-Lemeshow was χ2 = 2.147 (P=0.75), which meant that the prediction model is well calibrated. DCA curve is consistently higher than all the positive line and all the negative line, which indicated that the nomogram prediction model has good clinical utility.





Conclusions

The nomogram hypoglycemia prediction model constructed in this study had good prediction effect. It is used for early detection of high-risk individuals with hypoglycemia in elderly inpatients with T2DM, so as to take targeted measures to prevent hypoglycemia.





Trial registration

ChiCTR2200062277. Registered on 31 July 2022.
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1 Background

Hypoglycemia is a common complication in older adults with type 2 diabetes mellitus (T2DM) (1). Compared to the incidence of hypoglycemia in older adults with T2DM in the community (13.8%˜31.2%) (2–4), the incidence of hypoglycemia in hospitalized older adults with T2DM is higher, reaching 49% (5). Medication usage, dietary restrictions, irregular eating patterns, overtreatment, and the patient’s medical condition increase the risk of hypoglycemia in hospitalized older adults with T2DM (6, 7). Considering that the symptoms of hypoglycemia in older adults with T2DM may overlap with the primary diseases, the actual incidence of hypoglycemia may be higher. Hypoglycemic episodes cause varying degrees of damage in the functional system of elderly inpatients with T2DM, such as disorientation, difficulty concentrating, and impaired judgment, ultimately leading to dementia (8, 9). Hypoglycemia also increases hospitalization time and mortality in elderly inpatients (10). Compared with hyperglycemia, hypoglycemia is characterized by more urgent and dangerous onset, leaving a shorter reaction time for medical staff (11), and the treatment after its occurrence is also relatively delayed.

Early identification of the influencing factors of hypoglycemia and accurate risk assessment/prediction are of great significance for timely and effective hypoglycemia prevention. At present, the risk assessment of hypoglycemia is roughly divided into three methods: questionnaires based on clinical experience, based on physiological models and based on data mining technology. Using questionnaires based on clinical experience to assess the risk of hypoglycemia is an early research method, and there are few studies in this field. Accordingly, there are few questionnaires that can be used to assess the risk of hypoglycemia (12, 13). The risk prediction factors for hypoglycemia are influenced by multiple factors and their impacts on hypoglycemia vary, with some factors in constantly changing states (such as dietary, exercise, etc.). Using the questionnaires on clinical experience to predict the risk of hypoglycemia has low efficiency and poor prediction accuracy because the content lacks evidence supports, and each item has no weight. The risk prediction of hypoglycemia based on a physiological model is achieved by establishing equations based on pathological/physiological fundamental laws. Physiological models are mostly established based on patients’ blood sugar data (14, 15), but only focusing on blood sugar changes makes it difficult to comprehensively assess the risk of hypoglycemia. In addition, a continuous glucose monitoring system is not affordable for everyone, so the promotion and applicability of this method are greatly limited.

Predicting the risk of illness based on data mining technology has gradually grown in recent years. Data mining is defined as knowledge discovery in databases, and the commonly used methods include logistic regression (16). As a new information processing technology, data mining provides a new approach for predicting risk of hypoglycemia. The risk before hypoglycemia in diabetic patients and the hypoglycemia development process can be analyzed through data mining, such as analyzing the amount of exercise and dietary practices before hypoglycemia occurred. With the help of data mining, the advantage of Big Data in discovering signals can be fully utilized, providing effective methods and a basis for the early accurate identification of hypoglycemia signals.

There are few studies on hypoglycemia risk prediction of hypoglycemia in elderly inpatients with T2DM. The previous studies were single-factor prediction (such as only based on HbA1c) (17). Considering the complexity of influencing factors in hypoglycemia occurrence, multi-factor prediction is needed. So, this study screened factors related to hypoglycemia based on literature review and collected hypoglycemia related information of 546 hospitalized elderly patients, then developed a nomogram prediction model which was based on the findings of multi-factor regression analysis, integrating multiple predictive factors, and then transforming complex regression equations into visual graphs to forecast the probability of hypoglycemia in elderly inpatients with T2DM. The nomogram model simplifies the interpretation of predicted results and facilitates the assessment of the patient’s condition. The nomogram quantitative model of elderly inpatients with T2DM constructed in the study can be used in predicting the risk of hypoglycemia occurrence intuitively and conveniently, early identifying high-risk individuals of hypoglycemia, so as to take targeted intervention measures to improve blood glucose control of the patients.




2 Methods

This prediction model study is reported in accordance with the TRIPOD checklist (18). The STROBE checklist was used to guide the submission (19).



2.1 Participants

From August 2022 to April 2023, 546 older adults with T2DM were recruited by convenience sampling in the inpatient departments of seven tertiary-level general hospitals in Beijing and Inner Mongolia province, China.

Inclusion criteria: ① being diagnosed with type 2 diabetes (20); ② being in hospital; ③ ≥60 years old; ④ clear consciousness, no intellectual disability. Exclusion criteria: ① received hemodialysis or peritoneal dialysis in the past month.; ② combined with other serious diseases, such as malignant tumor; ③ language communication barriers; ④ moderate or severe cognitive impairment.

According to the principle of events per variable (21), 5˜10 patients for each independent variable are needed in logistic analysis. Therefore, the sample size required for this study is set to be 5 times the number of variables in the questionnaire (53 variables in this study), and taking a 10% loss of follow-up into account, the sample size needed for this study is 294 cases at least. The study was approved by the Ethics Committee of XXXXX (blinded for peer review).




2.2 Developed a questionnaire on related factors of hypoglycemia in elderly inpatients with T2DM.



2.2.1 Screening the factors related to hypoglycemia in patients with T2DM

Factors related to hypoglycemia in patients with T2DM were included through literature review. Three subject terms– “type 2 diabetes,” “hypoglycemia/glucopenia/glucopenia” and “influencing factor/related factor/prediction factor/predictor “ –were used to search seven English databases including PubMed, Cochrane Library, JBI, EMBASE, Wiley Online Library, Web of Science, and ProQuest Database, and four Chinese databases including the Chinese Journal Full-text Database (CJFD), Wan Fang Database, VIP Chinese Science and Technology Journal Full-text Database, and Chinese Biomedical Literature Database.

A total of 5852 pieces of literature were retrieved, and the literature was screened according to the content. Finally, 760 articles were included in the study. After selecting the articles to use, the researchers selected corresponding quality evaluation tools based on the research type for literature quality appraisal, then extracted factors related to the risk of hypoglycemia from the 172 high-quality articles to develop the “Questionnaire on the factors related to hypoglycemia in elderly inpatients with T2DM”. The questionnaire included three parts, with a total of 53 factors: ① demographic data: gender, age, educational background, BMI and abdominal circumference; ② disease factors: duration of diabetes, history of hypoglycemia, diabetes drugs (oral hypoglycemic agents, insulin usage, oral hypoglycemic agents+ insulin), medication compliance, treatment plan adjustment, complications or comorbidity (13 items such as hypertension), and biochemical indicators (13 items such as urinary microalbumin); ③ lifestyle factors: drinking (drinking alcohol on an empty stomach, excessive drinking), smoking, diabetes education, diet (limiting the amount of carbohydrates, eating less, not eating on time), exercise (exercise time, intensity, frequency, and exercise on an empty stomach), blood glucose monitoring, malnutrition, depression symptoms, and cognitive impairment. The patients’ medical case records were consulted to determine whether patients had complications, comorbidity, and malnutrition.

Depression symptoms were measured with Patient Health Questionnaire-9 (PHQ-9). PHQ-9 was developed by Spitzer et al. (22) and is used to assess the frequency of depressive symptoms experienced by patients in the past two weeks. The scale consists of nine items, with a total score ranging from 0 to 27. A score of 0˜4 indicates no depression, 5˜9 indicates mild depression, 10˜14 indicates moderate depression, 15˜19 indicates moderately severe depression, and 20 indicates severe depression. The Cronbach’s α of PHQ-9 is 0.89, and the validity is 0.86 (23).

Cognitive impairment was confirmed with the Mini-Mental State Examination (MMSE). MMSE was developed by Folstein et al. (24) and introduced, translated, and revised in Chinese by Li Ge et al. (25). It is used to screen for cognitive function in older adults. MMSE includes four dimensions: orientation, attention and calculation ability, memory ability, and language ability, for a total of 30 items. The total score ranges from 0 to 30. The higher the score, the better the cognitive function. A total score ≤24 indicates cognitive impairment; 18˜24 indicates mild cognitive impairment; 16˜17 indicates moderate cognitive impairment; and 15 or less indicates severe cognitive impairment. The Chinese version of the scale has a reliability coefficient of 0.97 (26), and its validity is acceptable (27).




2.2.2 Develop questionnaire with Delphi method

Delphi method was used to integrate expert opinions on feasibility and verbal expression of the items in the questionnaire formed in the previous stage. Moreover, according to expert opinions, the questionnaire added various biochemical test methods of the biochemical indicators and their corresponding time limit. Fifty-three factors identified in the previous stage were all retained, resulting in the final version of the “Questionnaire on the factors related to hypoglycemia in elderly inpatients with T2DM”.





2.3 Follow up on elderly inpatient’s blood glucose one week later

One week after the questionnaire was completed by the elderly inpatients with T2DM, the researcher followed up on the occurrence of hypoglycemia in the patients. According to standards issued by the American Diabetes Association (19), blood glucose < 70mg/dl (3.9mmol/L) is regarded as suffering hypoglycemia in this study.




2.4 Data collection

The study recruited older adults with T2DM in the participating hospitals’ inpatient departments, and the elderly inpatients were asked to complete a questionnaire within 1˜2 days of admission. The researchers used the MMSE to screen the cognitive function of the older adults at first. Elderly inpatients with normal cognitive function completed the questionnaire by themselves. If they had difficulty in filling it out, the researcher read questions and asked the patient to answer them. Patients with mild cognitive impairment were assisted by their main caregivers to complete the questionnaire. The researcher checked the questionnaire after it was completed. If there were any omissions or logic errors in the questionnaire, the researcher assisted the patient in filling it out or verifying the information again. The content of biochemical indicators was filled in by the researcher by checking the patient’s medical records. If there were missing items in a questionnaire, or there was a clear pattern in filling out the questionnaire items (such as all the item options being the same), or the filling of questionnaire options was invalid (such as garbled code), it was deemed as an invalid questionnaire. One week later, the researcher obtained information of whether the elderly inpatients had experienced hypoglycemia by asking the inpatient and reviewing their medical records in the hospital information system.




2.5 Statistical analysis

RapidMiner for Windows was used for the statistical analysis (28). The continuous variables were presented as mean ± SD, whereas the categorical variables were presented as number and percentage. First, the multiple collinearities of the regression equation were checked, and then regularized logistic (r-LR) analysis was performed to screen for predictive factors of hypoglycemia in elderly inpatients with T2DM. Next, a nomogram hypoglycemia prediction model was constructed. The area under the receiving operator curve (AUROC) was used to evaluate the discrimination ability of the prediction model. Sensitivity and specificity were calculated to verify the actual application performance of the prediction model. The Hosmer-Lemeshow goodness-of-fit test was used to assess the calibration of the prediction model. Decision Curve Analysis (DCA) was used to evaluate the clinical utility of the prediction model.





3 Results



3.1 Hypoglycemia incidence rate

A total of 561 elderly inpatients with T2DM were recruited, and all 561 completed the questionnaires. After excluding 15 invalid questionnaires, 546 samples were finally included. Participants were 60˜89 years old, with a hospital stay of 8˜15 days, averaging 11.48 ± 2.33 days (Table 1). Among them, 225 experienced hypoglycemia (blood glucose 2.1~3.9 mmol/L) within one week after filling out the questionnaire, and the incidence of hypoglycemia was 41.21%.


Table 1 | Comparison of general information of elderly inpatients with T2DM.






3.2 Multivariate analysis

Regularized logistic analysis was performed with the occurrence of hypoglycemia as the dependent variable and 53 factors mentioned above were taken as the independent variables. There is no multicollinearity among independent variables (VIF=1.6).

The risk prediction model included eight predictors as follows: duration of diabetes, urinary microalbumin, oral hypoglycemic agents, mild cognitive impairment, insulin usage, hypertension, blood glucose monitoring, and abdominal circumference. OR value of abdominal circumference is the largest (Table 2).


Table 2 | Logistic regression analysis of hypoglycemia in elderly inpatients with T2DM.



The regression equation of the model was obtained as follows: Logit(P)= 1.104×duration of diabetes +1.006×urinary microalbumin +0.832×oral hypoglycemic agents +0.764×mild cognitive impairment +0.477×insulin usage+0.433×hypertension -0.405×blood glucose monitoring -1.903×abdominal circumference -0.435.




3.3 Nomogram prediction model construction

The regression coefficients of the eight factors obtained from regularized logistic regression were used as the weights of the eight factors in the prediction model, and a nomogram hypoglycemia risk prediction model was established (Figure 1). The single score corresponding to each variable under different values is the score shown in Figure 1 (the default is 0~100 points), and the score of the eight variables added together is the total score (“total points” in Figure 1). The line “Hypoglycemia risk” in Figure 1 indicates the risk of hypoglycemia predicted by the multivariate model. The total score ranges from 0 to 340, and the corresponding “Hypoglycemia risk” ranges from 0.1 to 0.9. The higher the total score, the greater the risk of hypoglycemia. The practical application method is as follows: draw a vertical line upward at the position corresponding to the patient’s situation to get the corresponding single score, add the scores of all variables to get the total score (total points) of the patient, and then draw a vertical line downward from the “total points” to get the “predicted risk” of hypoglycemia of the patient.




Figure 1 | Nomogram hypoglycemia risk prediction model for elderly inpatients with T2DM.






3.4 Model effect evaluation

Through goodness-of-fit test analysis, Hosmer-Lemeshow χ2 = 2.147, P = 0.75 (P > 0.05 indicated that the model had excellent goodness-of-fit) (29). The ROC curve was used to test the fitting effect between the patient’s model score and the patient’s actual hypoglycemia (Figure 2), and the AUROC was 0.871 (> 0.75), and the 95% CI was 0.787˜0.955, with sensitivity and specificity of 0.889 and 0.737, respectively. In the nomogram prediction model constructed in this study, DCA is higher than all positive lines and all negative lines in the range of x values 0~1 (horizontal axis), which shows that this model has good clinical applicability and good prediction ability, as shown in Figure 3.




Figure 2 | ROC curve of Nomogram hypoglycemia risk prediction model.






Figure 3 | DCA curve of Nomogram hypoglycemia risk prediction model.







4 Discussion

This study collected hypoglycemic related data from 546 hospitalized older adults with T2DM in seven hospitals in Beijing and Baotou, two cities in the north of China with similar climatic conditions and food structure systems, and constructed a nomogram model to predict the hypoglycemic risk of elderly inpatients with T2DM. The nomogram model transforms complex equations into visual images and uses numerical probabilities to represent the possibility of hypoglycemia occurrence, increase the readability of results, and facilitate individualized hypoglycemia risk assessment and early identification of high-risk patients, in order to guide patients to appropriately change their lifestyles or adjust therapeutic plans in time to prevent the occurrence of hypoglycemia.

In this study, regularized logistic regression was used to screen 53 potential factors. Finally, eight factors, including the abdominal circumference, duration of diabetes, blood glucose monitoring, oral hypoglycemic agents’ usage, cognitive impairment, hypertension, and insulin usage were included as predictive factors for hypoglycemia in elderly inpatients with T2DM. Patients’ information of the eight factors can be collected through medical records, inquiries, scale measurements and examinations, with high clinical operability and practicality.

Abdominal circumference was the most important predictor of hypoglycemia in elderly inpatients with T2DM, and the greater the abdominal circumference, the lower the risk of hypoglycemia. Patients with larger abdominal circumferences have excessive abdominal fat distribution, which can cause insulin resistance and high blood glucose levels (30). Although large abdominal circumference is harmful to physical health, a small abdominal circumference can increase the risk of hypoglycemia. A large-sample study on risk factors for hypoglycemia in patients with T2DM showed that, for every 3cm increases in abdominal circumference, the risk of hypoglycemia decreases by 7.1% (31). An RCT showed that for every 1 cm decrease in abdominal circumference, the risk of severe hypoglycemia in older adults with T2DM increased 7% (32). Duration of diabetes of the elderly inpatients with T2DM is positively correlated with the occurrence of hypoglycemia, which is consistent with the previous study (33). Yotsapon et al. (34) has demonstrated a significantly increased risk of hypoglycemia in elderly patients with T2DM whose duration of diabetes was ≥ 6 years.

The biochemical indicator “urinary microalbumin” was the predictor of hypoglycemia in elderly inpatients with T2DM in this study. The higher the urinary microalbumin value, the higher the risk of hypoglycemia, which is similar to the research results of Hodge et al. (35) and Nakhleh et al. (36). Urinary microalbumin is a routine examination item for diabetes patients during hospitalization. Urinary microalbumin above the normal level suggests that patients may have an early renal injury, which affects the excretion of insulin, leading to insulin accumulation in the patient’s body and susceptibility to hypoglycemia (37). With the widespread use of hypoglycemic drugs, hypoglycemia events are also on the rise (38). In the study, all of the elderly inpatients used hypoglycemic agents: 58.06% insulin, 35.16% used oral hypoglycemic agents, and 6.78% used both. Our study found that the use of oral hypoglycemic agents or insulin is a predictor of hypoglycemia, which is consistent with previous studies in which it was reported that hypoglycemia is commonly caused by insulin, sulfonylurea, and non-sulfonylurea insulin secretagogues (39, 40).

Cognitive impairment is also an essential factor in predicting hypoglycemia in elderly inpatients with T2DM, and cognitive impairment increases the risk of hypoglycemia. For older adults with T2DM, cognitive impairment can lead to difficulties in controlling blood glucose and identifying and treating hypoglycemia, and frequent hypoglycemia attacks can further exacerbate cognitive decline, forming a vicious cycle (41). In addition, hypertension is a predictor for hypoglycemia. Previous research has demonstrated that patients with concomitant hypertension have an increased risk of hypoglycemia (42–44). Moreover, the frequency of blood glucose monitoring is also a predictor of hypoglycemia in elderly inpatients with T2DM. The higher the frequency of glucose monitoring, the lower the risk of hypoglycemia, which is similar to the results of previous studies (45). Regular blood glucose monitoring helps to develop personalized treatment plans and enhances self-management capabilities, which improves blood glucose control in elderly inpatients with T2DM (46).

The ADOCHBIU nomogram hypoglycemia risk prediction model based on regularized logistic regression has a good predictive ability for hypoglycemia in elderly inpatients with T2DM. It helps medical staff identify older adults with T2DM in a high risk of hypoglycemia during hospitalization and take target interventions to prevent hypoglycemia effectively. There are some limitations in this study. Firstly, the elderly inpatients in this study came from northern China, so the applicability of risk prediction may be limited. To broaden the scope, we plan to recruit elderly inpatients with T2DM in cities in southern, western, and eastern China, which will optimize the prediction model. Secondly, although elderly inpatients in this study were regularly monitored for blood glucose, no dynamic blood glucose monitoring was carried out. Considering a small part of older adults may suffer from asymptomatic hypoglycemia [13% (47)], the incidence of hypoglycemia in this study may be low, and the nomogram model is not suitable for patients with asymptomatic hypoglycemia for the time being. If conditions permit, continuous glucose monitoring for the construction of such models is recommended.




5 Conclusions

The incidence of hypoglycemia among elderly inpatients with T2DM was 41.21%. The logistic regression equation included eight predictors(named ADOCHBIU): duration of diabetes, urinary microalbumin, oral hypoglycemic agents, mild cognitive impairment, insulin usage, hypertension, blood glucose monitoring, and abdominal circumference. The ADOCHBIU nomogram hypoglycemia risk prediction model for elderly inpatients with T2DM was constructed based on the logistic regression equation and had good predictive performance. In the ADOCHBIU nomogram hypoglycemia risk prediction model, the higher the total score, the greater the risk of hypoglycemia.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The studies involving humans were approved by Ethics Committee of Beijing University of Chinese Medicine (No. 2022BZYLL0507). The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

RZ: Validation, Methodology, Writing – original draft, Visualization, Data curation. YL: Project administration, Writing – review & editing, Supervision, Methodology. CS: Writing – review & editing, Supervision, Investigation. QW: Writing – review & editing, Formal analysis, Data curation. GH: Writing – review & editing, Funding acquisition, Data curation. GW: Writing – review & editing, Resources, Formal analysis. KL: Writing – review & editing, Validation, Software. JW: Writing – original draft, Software, Resources. XB: Data curation, Writing – original draft, Visualization.





Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.





Conflict of interest

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





Abbreviations

AUROC, Area Under the Receiving Operator Curve; DCA, Decision Curve Analysis; MMSE, Mini-Mental State Examination; PHQ-9, Patient Health Questionnaire-9; r-LR, Regularized Logistic Analysis; T2DM, Type 2 Diabetes Mellitus; ADOCHBIU, abdominal circumference, duration of diabetes, oral hypoglycemic agents, cognitive impairment, hypertension, blood glucose monitoring, insulin usage and urinary microalbumin.




References

1. Compilation group of “Clinical guideline for prevention and treatment of older adults with diabetes in China”. Clinical guideline for the prevention and treatment of elderly type 2 diabetes mellitus in China (2022 edition). Chin J Diabetes. (2022) 30:2–51. doi: 10.3969/j.issn.1006-6187.2022.01.002

2. Longo, M, Bellastella, G, Maiorino, MI, Meier, JJ, Esposito, K, and Giugliano, D. Diabetes and aging: from treatment goals to pharmacologic therapy. Front Endocrinol. (2019) 10:45. doi: 10.3389/fendo.2019.00045

3. Zulfiqar, AA, Massimbo, DND, Hajjam, M, Gény, B, Talha, S, Hajjam, J, et al. Glycemic disorder risk remote monitoring program in the COVID-19 very elderly patients: preliminary results. Front Physiol. (2021) 12:749731. doi: 10.3389/fphys.2021.749731

4. van Mark, G, Tittel, SR, Welp, R, Gloyer, J, Sziegoleit, S, Barion, R, et al. DIVE/DPV registries: benefits and risks of analog insulin use in individuals 75 years and older with type 2 diabetes mellitus. BMJ Open Diabetes Res Care. (2021) 9:e002215. doi: 10.1136/bmjdrc-2021-002215

5. Xu, L, and Chen, J. Effect of nursing intervention on decreasing hypoglycemia rate in the elderly patients with diabetes. J Clin Med Pract. (2017) 21:42–4, 8. doi: 10.7619/jcmp.201706013

6. Li, M, Zhao, M, Yan, H, Guo, H, and Shi, B. Clinical characteristics and influencing factors of hypoglycemia in hospitalized patients with type 2 diabetes mellitus: A cross-sectional study. Nurs Open. (2023) 10:6827–35. doi: 10.1002/nop2.1929

7. Umpierrez, GE, and Pasquel, FJ. Management of inpatient hyperglycemia and diabetes in older adults. Diabetes Care. (2017) 40:509–17. doi: 10.2337/dc16-0989

8. Al-Musawe, L, Torre, C, Guerreiro, JP, Rodrigues, AT, Raposo, JF, Mota-Filipe, H, et al. Overtreatment and undertreatment in a sample of elderly people with diabetes. Int J Clin Pract. (2021) 75:e14847. doi: 10.1111/ijcp.14847

9. Almomani, HY, Pascual, CR, Al-Azzam, SI, and Ahmadi, K. Randomised controlled trial of pharmacist-led patient counselling in controlling hypoglycaemic attacks in older adults with type 2 diabetes mellitus (ROSE-ADAM): A study protocol of the SUGAR intervention. Res Soc Administrative Pharmacy: RSAP. (2021) 17:885–93. doi: 10.1016/j.sapharm.2020.07.012

10. Nuzzo, A, Brignoli, A, Ponziani, MC, Zavattaro, M, Prodam, F, Castello, LM, et al. Aging and comorbidities influence the risk of hospitalization and mortality in diabetic patients experiencing severe hypoglycemia. Nutr Metab Cardiovasc Dis: NMCD. (2022) 32:160–6. doi: 10.1016/j.numecd.2021.09.016

11. Mahoney, GK, Henk, HJ, and McCoy, RG. Severe hypoglycemia attributable to intensive glucose-lowering therapy among US adults with diabetes: population-based modeling study, 2011-2014. Mayo Clin Proc. (2019) 94:1731–42. doi: 10.1016/j.mayocp.2019.02.028

12. Shah, BR, Walji, S, Kiss, A, James, JE, and Lowe, JM. Derivation and validation of a risk-prediction tool for hypoglycemia in hospitalized adults with diabetes: the hypoglycemia during hospitalization (HyDHo) score. Can J Diabetes. (2019) 43:278–82. e1. doi: 10.1016/j.jcjd.2018.08.061

13. Schroeder, EB, Xu, S, Goodrich, GK, Nichols, GA, O’Connor, PJ, and Steiner, JF. Predicting the 6-month risk of severe hypoglycemia among adults with diabetes: Development and external validation of a prediction model. J Diabetes its Complicat. (2017) 31:1158–63. doi: 10.1016/j.jdiacomp.2017.04.004

14. Levitan, EB, Liu, S, Stampfer, MJ, Cook, NR, Rexrode, KM, Ridker, PM, et al. HbA1c measured in stored erythrocytes and mortality rate among middle-aged and older women. Diabetologia. (2008) 51:267–75. doi: 10.1007/s00125-007-0882-y

15. Mansouri, D, Khayat, E, Khayat, M, Aboawja, M, Aseeri, A, Banah, F, et al. Self-monitoring of blood glucose and hypoglycemia association during fasting in Ramadan among patients with diabetes. Diabetes Metab Syndr Obes: Targets Ther. (2020) 13:1035–41. doi: 10.2147/DMSO.S234675

16. Thewjitcharoen, Y, Prasartkaew, H, Tongsumrit, P, Wongjom, S, Boonchoo, C, Butadej, S, et al. Prevalence, risk factors, and clinical characteristics of lipodystrophy in insulin-treated patients with diabetes: an old problem in a new era of modern insulin. Diabetes Metab Syndr Obes: Targets Ther. (2020) 13:4609–20. doi: 10.2147/DMSO.S282926

17. Alão, S, Conceição, J, Dores, J, Santos, L, Araújo, F, Pape, E, et al. Hypoglycemic episodes in hospitalized people with diabetes in Portugal: the HIPOS-WARD study. Clin Diabetes Endocrinol. (2021) 7:2. doi: 10.1186/s40842-020-00114-3

18. von Elm, E, Altman, DG, Egger, M, Pocock, SJ, Gøtzsche, PC, and Vandenbroucke, JP. The Strengthening the Reporting of Observational Studies in Epidemiology (STROBE) statement: guidelines for reporting observational studies. Ann Internal Med. (2007) 147:573–7. doi: 10.7326/0003-4819-147-8-200710160-00010

19. American Diabetes Association. 6. Glycemic targets: standards of medical care in diabetes-2021. Diabetes Care. (2021) 44: S73-s84. doi: 10.2337/dc21-S006

20. Chinese Diabetes Society. Guideline for the prevention and treatment of type 2 diabetes mellitus in China (2020 edition). Chin J Diabetes Mellitus. (2021) 13:315–409. doi: 10.3760/cma.j.cn115791-20210221-00095

21. Peduzzi, P, Concato, J, Kemper, E, Holford, TR, and Feinstein, AR. A simulation study of the number of events per variable in logistic regression analysis. J Clin Epidemiol. (1996) 49:1373–9. doi: 10.1016/s0895-4356(96)00236-3

22. Spitzer, RL, Kroenke, K, and Williams, JB. Validation and utility of a self-report version of PRIME-MD: the PHQ primary care study. Primary care evaluation of mental disorders. Patient health questionnaire. JAMA. (1999) 282:1737–44. doi: 10.1001/jama.282.18.1737

23. Zhang, YL, Liang, W, Chen, ZM, Zhang, HM, Zhang, JH, Weng, XQ, et al. Validity and reliability of Patient Health Questionnaire-9 and Patient Health Questionnaire-2 to screen for depression among college students in China. Asia Pacif Psychiatry: Off J Pacific Rim Coll Psychiatrists. (2013) 5:268–75. doi: 10.1111/appy.12103

24. Folstein, MF, Folstein, SE, and McHugh, PR. Mini-mental state”. A practical method for grading the cognitive state of patients for the clinician. J Psychiatr Res. (1975) 12:189–98. doi: 10.1016/0022-3956(75)90026-6

25. Li, G, Shen, YC, Chen, CH, Li, SR, Zhao, YW, Liu, M, et al. Preliminary application of MMSE in the aged of urban population in Beijing. Chin Ment Health J. (1988) 2(1):13–8.

26. Zhang, MY, Zhai, GY, Jin, H, Cai, GJ, and Wang, ZY. Comparison of several dementia testing tools. Chin J Neurol Psychiatry. (1991) 24(4):194–6.

27. Zhou, XX. A preliminary study on the reliability and validity of the Chinese version of the Mini-mental State Examination in stroke patients. Fujian: Fujian University of Traditional Chinese Medicine (2015). doi: 10.7666/d.Y2807907

28. RapidMiner. Version 9.8 [Computer software]. Available online at: https://rapidminer.com/ (Accessed June 1, 2023).

29. Hosmer, DW, Hosmer, T, Le Cessie, S, and Lemeshow, S. A comparison of goodness-of-fit tests for the logistic regression model. Stat Med. (1997) 16:965–80. doi: 10.1002/(sici)1097-0258(19970515)16:9<965:aid-sim509>3.0.co;2-o

30. Hoogwerf, BJ. Hypoglycemia in older patients. Clinics Geriatr Med. (2020) 36:395–406. doi: 10.1016/j.cger.2020.04.001

31. Chao, G, Zhu, Y, and Chen, L. Evaluation of risk factors and correlation in large sample from the perspective of hypoglycemia. Food Sci Nutr. (2021) 9:6627–33. doi: 10.1002/fsn3.2608

32. Almomani, HY, Pascual, CR, Grassby, P, and Ahmadi, K. Effectiveness of the SUGAR intervention on hypoglycaemia in elderly patients with type 2 diabetes: A pragmatic randomised controlled trial. Res Soc Administrative Pharmacy: RSAP. (2023) 19:322–31. doi: 10.1016/j.sapharm.2022.09.017

33. Chantzaras, A, and Yfantopoulos, J. Evaluating the incidence and risk factors associated with mild and severe hypoglycemia in insulin-treated type 2 diabetes. Value Health Regional Issues. (2022) 30:9–17. doi: 10.1016/j.vhri.2021.10.005

34. Aubert, CE, Henderson, JB, Kerr, EA, Holleman, R, Klamerus, ML, and Hofer, TP. Type 2 diabetes management, control and outcomes during the COVID-19 pandemic in older US veterans: an observational study. J Gen Internal Med. (2022) 37:870–7. doi: 10.1007/s11606-021-07301-7

35. Hodge, M, McArthur, E, Garg, AX, Tangri, N, and Clemens, KK. Hypoglycemia incidence in older adults by estimated GFR. Am J Kidney Dis: Off J Natl Kidney Foundation. (2017) 70:59–68. doi: 10.1053/j.ajkd.2016.11.019

36. Nakhleh, A, and Shehadeh, N. Hypoglycemia in diabetes: An update on pathophysiology, treatment, and prevention. World J Diabetes. (2021) 12:2036–49. doi: 10.4239/wjd.v12.i12.2036

37. Meinhardt, U, Ammann, RA, Flück, C, Diem, P, and Mullis, PE. Microalbuminuria in diabetes mellitus: efficacy of a new screening method in comparison with timed overnight urine collection. J Diabetes its Complicat. (2003) 17:254–7. doi: 10.1016/s1056-8727(02)00180-0

38. Yin, R, Xu, Y, Wang, X, Yang, L, and Zhao, D. Role of dipeptidyl peptidase 4 inhibitors in antidiabetic treatment. Mol (Basel Switzerland). (2022) 27:3055. doi: 10.3390/molecules27103055

39. Cahn, A, Mosenzon, O, Wiviott, SD, Rozenberg, A, Yanuv, I, Goodrich, EL, et al. Efficacy and safety of dapagliflozin in the elderly: analysis from the DECLARE-TIMI 58 study. Diabetes Care. (2020) 43:468–75. doi: 10.2337/dc19-1476

40. Niu, G, Wang, G, Lau, J, Lang, L, Jacobson, O, Ma, Y, et al. Antidiabetic effect of abextide, a long-acting exendin-4 analogue in cynomolgus monkeys. Adv Healthc Mater. (2019) 8:e1800686. doi: 10.1002/adhm.201800686

41. Takeishi, S, Mori, A, Kawai, M, Yoshida, Y, Hachiya, H, Yumura, T, et al. Investigating the relationship between morning glycemic variability and patient characteristics using continuous glucose monitoring data in patients with type 2 diabetes. Internal Med (Tokyo Japan). (2017) 56:1467–73. doi: 10.2169/internalmedicine.56.7971

42. Maranta, F, Cianfanelli, L, and Cianflone, D. Glycaemic control and vascular complications in diabetes mellitus type 2. Adv Exp Med Biol. (2021) 1307:129–52. doi: 10.1007/5584_2020_514

43. Dong, F. Analysis of risk factors of hypoglycemia and blood glucose fluctuation in patients with type 2 diabetes mellitus. Contemp Med. (2021) 27:137–8. doi: 10.3969/j.issn.1009-4393.2021.20.058

44. Wan, EYF, Fung, CSC, Yu, EYT, Chin, WY, Fong, DYT, Chan, AKC, et al. Effect of multifactorial treatment targets and relative importance of hemoglobin A1c, blood pressure, and low-density lipoprotein-cholesterol on cardiovascular diseases in Chinese primary care patients with type 2 diabetes mellitus: A population-based retrospective cohort study. J Am Heart Assoc. (2017) 6:e006400. doi: 10.1161/JAHA.117.006400

45. Kaewput, W, Thongprayoon, C, Varothai, N, Sirirungreung, A, Rangsin, R, Bathini, T, et al. Prevalence and associated factors of hospitalization for dysglycemia among elderly type 2 diabetes patients: A nationwide study. World J Diabetes. (2019) 10:212–23. doi: 10.4239/wjd.v10.i3.212

46. Mantwill, S, Fiordelli, M, Ludolph, R, and Schulz, PJ. EMPOWER-support of patient empowerment by an intelligent self-management pathway for patients: study protocol. BMC Med Inf Decision Making. (2015) 15:18. doi: 10.1186/s12911-015-0142-x

47. Criner, KE, Kim, HN, Ali, H, Kumar, SJ, Kanter, JE, Wang, L, et al. Hypoglycemia symptoms are reduced in hospitalized patients with diabetes. J Diabetes its Complicat. (2021) 35:107976. doi: 10.1016/j.jdiacomp.2021.107976




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

Copyright © 2024 Zhang, Liu, Sun, Wu, Guo, Wang, Lin, Wang and Bai. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fendo-15-1366184-g003.jpg
Net Benefit

05

04

03

0.2

0.1

00

0.00

—  Model
— All positive
All negative

025 050 0.75 1.00
Threshold Probability





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Predicting hypoglycemia in elderly inpatients with type 2 diabetes: the ADOCHBIU model

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Trial registration

        



        		

          1 Background

        



        		

          2 Methods

        

          		

            2.1 Participants

          



          		

            2.2 Developed a questionnaire on related factors of hypoglycemia in elderly inpatients with T2DM.

          

            		

              2.2.1 Screening the factors related to hypoglycemia in patients with T2DM

            



            		

              2.2.2 Develop questionnaire with Delphi method

            



          



          



          		

            2.3 Follow up on elderly inpatient’s blood glucose one week later

          



          		

            2.4 Data collection

          



          		

            2.5 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Hypoglycemia incidence rate

          



          		

            3.2 Multivariate analysis

          



          		

            3.3 Nomogram prediction model construction

          



          		

            3.4 Model effect evaluation

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fendo-15-1366184-g001.jpg
Points

Hypertension

Abdominal circumference

Glucose monitoring

Urinary microalbumin
Cognitive impairment

Duration of diabetes

Insulin usage

Oral hypoglvcemic agents
Total points

Hypoglycemia risk

20

40

BRI N N A BN

No

L I L U A B |
9% 90 85 80 75 70

10 g g 4 ; 3

40

35

44

Yes

240

Yes

0.7

Yes

320

09

100

340





OEBPS/Images/table2.jpg
Variable SE Wald P-value Odds rat 95%ClI
Duration of diabetes 1.104 0.623 5.88 0.002 2.276 2.097-2.469
Urinary microalbumin 1.006 0.415 0.14 <0.001 0.864 0.798-0.935
Oral hypoglycemic agents 0.832 0.680 332 0.020 1.345 1.243-1452
Cognitive impairment 0.764 0.344 2.84 0.041 1.226 1.178-1.276
Insulin usage 0.477 0.152 541 0.007 1.002 0.948-1.060
Hypertension 0.433 0.095 197 0.039 L1113 1.103-1.124
Blood-glucose monitoring -0.405 0.434 265 0.014 1.909 1.791-2.036
Abdominal circumference -1.903 0.680 143 <0.001 2.998 2.972-3.024






OEBPS/Images/fendo-15-1366184-g002.jpg
Sensitivity (TPR)

1.0

S
o

S
o

0.00

AUC: 0.871
CI: 0.787-0.955

0.25 0.50 0.75 1.00
I-Specificity (FPR)





OEBPS/Images/fendo.2024.1366184_cover.jpg
a frontiers ‘ Frontiers in Endocrinology

Predicting hypoglycemia in
elderly inpatients with type 2
diabetes: the ADOCHBIU model





OEBPS/Images/logo.jpg
, frontiers ’ Frontiers in Endocrinology





OEBPS/Images/table1.jpg
Group

Characteristics

Hypoglycemia Non-hypoglycemia
group (n=225) group (n=321)
Age (years old) 76.02 + 5.62 78.06 + 3.59 7335 +8.72 2.549*
BMl(kg/mZ) 25.31 £5.19 24.69 + 3.19 23.30 +3.43 1.618
Abdominal circumference (cm) 86.49 + 5.88 83.64 + 5.52 85.53 + 5.72 2.567
Duration of diabetes (years) 22.89 +12.63 24.10 + 12.58 22.02 +12.29 3.442%
Gender Male 306 126 180 1.233
Female 240 99 141
Educational background :;:";3)::1100] 133 62 71 1075
Middle school 266 102 164
College and above 147 61 86
Hypertension Yes 339 160 179 3.824*
No 207 65 142
Cognitive impairment Mild 163 93 70 1.684*
Moderate 23 13 10
No 360 119 241
Yes 65 14 51 1.195
Depression symptoms
No 481 211 270
Diabetes treatment Oral hypoglycemic agent 192 85 107 2559
Insulin 317 122 195
:);(?li::‘i?ilycemic agents 37 is 19
Adjustment of Yes 248 161 87 4.627%
hypoglycemic program

No 298 64 234

*P<0.05; **P<0.01.





