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Multimorbidity relations among the whole set of 781 diseases
For examining whether pre-selecting a subset of diseases with prevalence > 0.1% will affect the multimorbidity relations among common diseases or not, we further calculate the multimorbidity relations by focusing on the whole set of diseases (781 diseases). We find 12,895 multimorbidity relations among the whole set of diseases, in which 9,995 are multimorbidities among common diseases (Additional file 3: Table S12). The number of common-disease multimorbidities is reduced when using the whole set of diseases compared with that when using a subset of diseases (9,995<11,285), because the threshold of P-values decreases. Since the ICD10 codes that correspond to the same disease are merged into one disease by phecode [1], thus the common diseases (prevalence > 0.1%) are slightly different when considering the whole set and a subset of diseases. For example, J41, J42, J44 are merged into one disease when considering whole set of disease, but only J42, J44 are merged when considering a subset of diseases. This is because the J41 have prevalence < 0.1% and is removed when only considering diseases with prevalence > 0.1%. There are 373 diseases are commonly used. We find: (1) all the multimorbidities (7,762) obtained by using the whole set of diseases can be repeated by using a subset of diseases, and (2) 94.5% (7,762/8,218) multimorbidities obtained by using a subset of diseases are reproducible when using whole set of diseases. Therefore, the comparison result shows that no matter whether the whole set of diseases or only common diseases (prevalence > 0.1%) are considered, the multimorbidity connections among common diseases are almost the same. 

Directionality of the multimorbid disease-pairs
[bookmark: OLE_LINK10]We calculate the directionality between multimorbid disease-pairs by the method used by Jensen et al [2]. However, we find few multimorbidity relations are directional (1,034 multimorbidities are directional, and 10,251 are not). This may because the relatively small sample size of the UKB hospital inpatient data results in losing power to detect directionality of multimorbidity. Since few directional multimorbidities are observed, we choose to use both the directional and unidirectional multimorbidities for our main analysis, while keeping the directionality of multimorbidities available as a reference (Additional file 3: Table S2). 

Multimorbidity comparison with Blair et al. and Jensen et al. at different time windows
We find nearly 30% (26099/96141) diseases-pairs with RR >1 and P-values < 6.4e-7 (Bonferroni correction threshold) (Additional file 2: Fig. S9). The diagnosis summary data in the UKB only includes about 0.4 million participants, which is relatively small compared with other electronic health record datasets (usually more than tens of millions) [3-5]. To reduce false positives, we identify multimorbidities by using time windows of 1 day, 0.5 year, 1 year, 2 years, 3 years, 4 years and 5 years, respectively, and then we compare the multimorbidities identified at different time windows with the Jensen’s and Blair’s results [2, 4]. 
Fig. S9 in Additional file 2 shows that the numbers of multimorbidities obviously decrease at the ‘1 day window’. Besides, from the Table S13 in Additional file 3, we can see that 1) the numbers of overlapping multimorbidities increase with more relaxed windows; 2) compared with Jensen et al., the multimorbidity overlaps of all the windows are significant; 3) compared with Blair et al., the significance of the multimorbidity overlap gradually decreases as the time window increases, and the overlap obtained at the ‘1 day window’ is the most significant. These results suggest that using the ‘1 day window’ can help to reduce the false positives and get more reliable multimorbidities. Moreover, the ‘1 day window’ has an advantage of addressing the simultaneity in the definition of multimorbidity. We admit that some multimorbidities may be simultaneously diagnosed within few days or even dozens of days, and thus, in order to maintain this type of multimorbidities, we have selected multimorbid disease-pairs from those with more than 1% of patients diagnosed within 1 day instead of all patients diagnosed within 1 day. We argue that the more often two diseases are diagnosed within 1 day, the more likely they will be multimorbid. Therefore, in this study, we have used the multimorbidities identified at ‘1 day window’.

Multimorbidity tendency of intra- and inter- categories based on new chapters
We have further calculated the disease multimorbidity tendency of intra- and inter- categories based on the disease classification given by Zhou et al [6]. Zhou et al. classified 1,797 diseases into 17 distinct new chapters (NC01-NC17) by integrating phenotypic and molecular networks. The 1,797 diseases are based on ICD9 codes, thus we firstly map the ICD9 codes to ICD10 codes using the UMLS [7]. 1,209 ICD9 diseases are successfully mapped to 224 ICD10 diseases (Additional file 2: Fig. S10A), only covering 3,484 UKB multimorbidities —31% of all the identified multimorbidities in our analysis. By using the same method as described in main article (Multimorbidity tendency of intra- and inter-categories in Method), we only find the diseases within NC05 tend to co-occur (Additional file 2: Fig. S10B). NC05 includes 10 diseases (I05, I08, I10, I21;I22, I25, I35, I42, I46, G25, G95), mainly related to cardiovascular diseases. This multimorbidity tendency has been identified in our primary analysis based on physiological system-based disease classification. The failure to observe more multimorbidity patterns may be due to the incomplete coverage of diseases in the new chapters, as we see, only half of the common diseases is covered by the new chapters, and only about 31% of multimorbidities are included.
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